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Abstract 
Understanding the spatiotemporal variability of climatic parameters and their 
effects on pasture variability is vital for pasture management interventions 
over East Africa. The present study aims to assess the spatial-temporal vari-
ability of rainfall, temperature and Normalized Difference Vegetation Index 
(NDVI) (which is being used to assess pasture quality and productivity) over 
the region, between the period of 1982 and 2019. This study used annual mean 
values for rainfall, temperature and NDVI which were calculated for the period 
mentioned above. NDVI was derived from National Oceanic and Atmospheric 
Administration (NOAA) Global Area Cover (GAC) (NOAA-07-GAC) data. 
The rainfall data was acquired from the Climate Hazards Group Infrared Pre-
cipitation with Station (CHIRPS) while temperature is ERA5 reanalysis data 
sourced from the European Centre for Medium-Range Weather Forecasts 
(ECMWF). The study utilized the empirical orthogonal function (EOF) to 
identify patterns and dominant relationships between the climate variables. 
The correlation was calculated between rainfall, temperature and NDVI to 
assess the relationship among them. A non-parametric Mann-Kendall trends 
test was used to determine whether annual precipitation, temperature and 
NDVI had statistically increasing or decreasing trend. Results revealed a posi-
tive correlation between rainfall and NDVI while a negative correlation be-
tween NDVI and temperature. Positive correlation between rainfall and 
NDVI indicates that pasture health (quality and productivity), will improve 
accordingly. A negative correlation between temperature and NDVI indicates 
that pasture health will decrease with increase in temperature while improv-
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ing with decreasing temperature. Outcome from this study suggests that 
changes in climatic variables influence the distribution of pasture in East Af-
rica’s cattle grazing areas. The study hence recommends prioritisation of cli-
matic (weather) information during pasture management over East Africa. 
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1. Introduction 

The response of vegetation to climatic conditions has become a hot topic in the 
East Africa and the globe at large (Afuye et al., 2021; Xu et al., 2023; Zhao et al., 
2022). Vegetation, the main component of terrestrial ecosystems, plays an im-
portant role in the carbon cycle of terrestrial ecosystems (Tian et al., 2020; 
Whitlock & Bartlein, 1997). Dynamic monitoring of vegetation change allows us 
to assess ecosystem quality and reveal the effects of environmental change on the 
ecosystem (Payette et al., 1989). Therefore, a number of studies have monitored 
the spatio-temporal changes in vegetation at different spatial scales using long 
time series satellite remote sensing data (Tian et al., 2020; Wang et al., 2020). 
Due to the non-linearity and non-stationarity of vegetation change, more recent 
studies have investigated vegetation change from the perspective of different 
time series, focusing on monitoring long-term trends in vegetation change (Jiao 
et al., 2020). In this study, the vegetation being looked at is specifically pasture. 
Its variability mainly being influenced by rainfall and temperature is closely re-
lated to hydrothermal conditions, making it an ideal choice for considering the 
relationship between climate and pasture variability (Deaton, 2022; Walter et al., 
2012). 

The study aims at unravelling the microscopic relationships between climate 
variables and cattle grazing conditions (Reich, 2013). It critically has the poten-
tial to increase agricultural resilience, inform sustainable land management 
practices (FAO, 2003; Funk et al., 2015), and contribute to global efforts to ad-
dress climate change impacts on ecosystem and livelihoods. In addition, the im-
pact of climate change on herders is the loss of livestock, which results in reduc-
tion in the food supply to the ever increasing population, especially in Africa 
(Ayanlade & Ojebisi, 2019; Wang et al., 2020; Kumar et al., 2023; Zhong et al., 
2019). Other studies have also shown that the reductions in the number of cattle 
are due to death caused by lack of green pasture during extreme drought events, 
disease and starvation, as herders do not have enough fund to buy processed 
food for the cattle (Kabonesa & Kindi, 2013; Ojima et al., 2017; Roever et al., 
2016). Nonetheless, the response of herders to climate change varies greatly due 
to differences in their adaptive capacities (Grothmann & Patt, 2005; Martin et 
al., 2008). 

Most of the studies in this region have done a very tremendous work as far as 
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climate change is concerned, several others address the issue globally with little 
or no consideration given to the variability of rainfall and temperature and their 
effect on pasture variability in East Africa, especially its impacts on cattle grazing 
(Nimusiima et al., 2018; Zhang et al., 2022). Also, accounts of the effects of rain-
fall and temperature on green pasture which is food to the livestock for tradi-
tional pastoralists are missing. 

This current study is the first to investigate the relationship between rainfall, 
temperature and NDVI in the East African region. The study adds value by pro-
viding a comprehensive, data-driven analysis of the spatial and temporal pat-
terns of climate variability and quality of pasture if one or more of the potential 
gaps are addressed. The contributions span a variety of areas, including scientific 
understanding, policy formulation, and potential methodological improvements 
in environmental research. 

2. Data and Methodology 
2.1. Study Area 

The study area is East Africa, made up of Kenya, Tanzania, Uganda, Rwanda and 
Burundi mostly located over the eastern part of the African continent. It is known 
for its diverse cultures, stunning landscapes and lies alongside the equator. It is 
bounded by latitudes 6˚N and 13˚S and longitude 28˚E and 43˚E (Figure 1). It is 
bordered by South Sudan and Ethiopia in the North, Somalia in the North East, 
The Indian Ocean in the East, and Mozambique in the south, Malawi in the south 
West, Zambia and Democratic Republic of Congo on the western side. 

 

 
Figure 1. Extracted map of East Africa showing the study area and its location on the African map. 
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Of the cultures of some of the East African inhabitants is pastoralism, which is 
better researched with a number of scholars focusing on some of the main pastoral 
groups, including the Maasai, the Turkana, the Borana and Rendille, Karamajong, 
among others (Fratkin, 2001; Lind et al., 2020). Figure 2, indicates where some 
of these cattle grazing people can be located in East Africa. There are estimated 
to be 30 million pastoralists and agro-pastoralists in the Greater Horn of Africa 
(Somalia, Ethiopia, Kenya, South Sudan, Eritrea, Djibouti, Sudan, Tanzania, and 
Uganda) (Bollig & Göbel, 1997; Moritz, 2013). 

 

 
Figure 2. East African Map showing the cattle grazing areas and their inhabitants. 
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2.2. Data Sources 

This study used daily NDVI dataset sourced from NOAA-07 GAC at spatial 
resolution of 0.05˚ by 0.05˚ (Pettorelli et al., 2011; Garai et al., 2022). For rainfall, 
this study acquired CHIRPS-v2 data set which is generated from satellite ground 
observations to build high resolution (0.05˚) gridded precipitation climatology 
(Harrison et al., 2022) while Temperature data was retrieved from ECMWF, 
which is ERA5 monthly averaged data on single levels (reference). All the mete-
orological datasets span from 1982 to 2019, same period as NDVI. 

2.3. Methodology 
2.3.1. The Empirical Orthogonal Function (EOF) 
The present study utilized the empirical orthogonal function (EOF) (Figures 
6-8) to identify patterns and dominant relationships between climate variables 
(Ame et al., 2021; Islam & Xing, 2021) and NDVI, which was used to obtain a 
better understanding of influencing factors on to pasture variability (Hackney et 
al., 2015) in East Africa's cattle grazing areas. And the mean observed variables 
(rainfall, temperature and NDVI) of our study region (Figure 1) was based on 
1982 to 2019 climatology. EOF analysis is frequently applied to derive patterns 
and indices used to identify climate models as expressed in state variables on the 
(Roundy, 2015). The approach identifies patterns in space known as EOF modes 
in one or multiple variables from eigenvectors of the covariance matrix (Han-
nachi et al., 2007; Kaihatu et al., 1998) for the gridded data sets. Then the origi-
nal centred data are projected onto the spatial patterns to obtain time series in-
dices (i.e., the principal components). Therefore, in this study the second EOF 
spatial mode of the mean JJA observed variables was taken as the dominant 
mode and further explained patterns and dominant relationships among climate 
variables (Islam & Xing, 2021) and NDVI. To quantify the relationship between 
rainfall, temperature and NDVI over the study domain (Figure 1), we used spa-
tial correlation analysis (Figure 4). Spatial correlation helps to understand how 
geographic distribution of climate variables corresponds to the variability NDVI. 
Having realized that the special, and temporal (maps and principal component 
time series) provides the strength of EOF pattern over time, we assign the JJA 
second mode of EOF to represent rainfall, temperature and NDVI relationship 
(Kaihatu et al., 1998). 

2.3.2. The Mann-Kendall Trend Test 
This study used the Mann-Kendall, non-parametric trends test to determine 
whether annual precipitation, temperature and NDVI (Figure 5) have been un-
dergoing a statistically significant upward or downward trend. The Mann-Kendall 
trends test is particularly advantageous in such a way that it is not dependent on 
normally distributed data and tests whether data show an upward trend as well 
as a downward trend through a sequential dataset e.g., over a period of years 
(Helsel & Hirsch, 2002; Esterby, 1996), hence suitable for the analysis in the pre-
sent study. 
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The non-parametric Mann-Kendall (MK) statistical test (Abdi, 2007; Mann, 
1945), has been applied in many studies to identify whether monotonic trends 
exist in hydro-meteorological data such as temperature, rainfall and stream flow. 
This test is often used because of its property that no assumptions are needed 
about the data that need to be tested. In the trend test, the null hypothesis Ho is 
that there is no trend in the population from which the dataset is drawn and the 
sample of data { jx , j = 1, 2, ..., n} is independent and identically distributed. The 
alternative hypothesis H1 is that the trend exists in the dataset. 

Kendall’s S, is defined as follows: (Suhaila et al., 2010)  
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Under the null hypothesis, the statistic S is normally distributed when n ≥ 8 
with zero mean and the variance is given as follows: 
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where t is the extent of any given tie and denotes the summation over all ties. 
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In a two-sided test for trend, Ho should be accepted if |Z| ≤ 1.645 at the 0.01 
level of significance. A positive Z value indicates an upward trend, whereas 
negative indicates a downward trend. 

3. Results and Discussion 
3.1. Distribution of Rainfall, NDVI and Temperature 

The annual mean values for rainfall, Temperature and NDVI were calculated for 
the period 1982-2019. The results (Table 1) show that the highest annual mean 
rainfall was received in 1997 (96.885 mm) and 2019 (96.424 mm) while 2005 re-
corded the lowest mean rainfall (64.796 mm). The highest annual mean tem-
perature was received in 2016 and 2019 (24.57˚C) and the lowest was in 1985 
(23.2˚C). Furthermore, the NDVI had the highest mean annual values in 1998 
(0.45631), whereas the lowest values were in 1988 (0.37658). 
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The spatial distribution of rainfall anomalies (Figure 3(b)) shows that parts of 
Northern Uganda and south western areas of Kenya had an increase of rainfall. 
The findings from this study are consistent with those of (Sagero et al., 2018) 
who observed that Spatial rainfall pattern and variability highlighted prevalence 
of wetter areas are in the western region bordering Lake Victoria. whereas most 
parts of the study area had a decreasing trend of rainfall. On the other hand, 
temperature (Figure 3(c)) depicted an increasing pattern throughout the 
Northern parts of Kenya. This can be compared to other studies such as (Ayugi 
and Tan, 2019) who also observed rising temperature on annual and seasonal 
basis over the Northern parts of Kenya while a decreasing pattern in scattered 
parts of south western Kenya near Lake Victoria and few areas of south western 
Tanzania near Lake Malawi. Just as (Ndayisaba et al., 2016)’s study, which re-
vealed that the vegetation cover was characterized by an increasing trend of a 
maximum annual change. NDVI revealed increasing values in the northern and 
Western parts of Uganda and some parts of south-western Kenya. Furthermore, 
an increasing of NDVI was observed along the coastal regions and in Southern 
Tanzania (Figure 3(a)). 

 
Table 1. Table showing the years of highest and lowest values used variables. 

Parameter Year Highest Year Lowest 

Rainfall 1997 96.885 mm 2005 64.796 mm 

Temperature 2016 and 2019 24.57˚C 1985 23.2˚C 

NDVI 1998 0.45631 1988 0.37658 

 

 
Figure 3. (a) Map showing the annual NDVI distribution (1982-2019) of East Africa. The NDVI value was 
distributed throughout the region by approximately ± 2.0. Map demonstrates that the high NDVI value in-
dicates green and healthy vegetation. (b) Map showing the annual rainfall distribution (1982-2019) of East 
Africa. The highest maximum rainfall occurred in 1997 (96.885 mm) and the lowest or minimum rainfall 
occurred in 2005 (64.796 mm). (c) Map showing the annual Temperature distribution (1982-2019) of East 
Africa. 
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3.2. Correlation Analysis for NDVI and Meteorological Parameters 

Correlation results between NDVI and precipitation (Figure 4(a)) revealed a 
positive correlation over East Africa. This indicates that variations in correspond 
to variations in rainfall amounts in the region. This pattern will hence affect the 
quality of pasture in the grazing areas as shown in Figure 2 by improving its 
quality as well as quantity. This relationship is found across much of East Africa, 
showing a consistent pattern where more rainfall is associated with increased 
NDVI, as reflected in Figure 4(a). A significant positive correlation ranging 
from 0.6 to 0.8 was observed between NDVI and rainfall in specific regions such 
as northern Uganda and western Tanzania. Changes in rainfall in these regions 
can have an outstanding impact on NDVI. We further compared with other pre-
vious studies such as those of (Pan et al., 2019) which revealed that NDVI has a 
higher correlation with precipitation in grassland and desert grassland areas. 
This suggests that the findings from this study are consistent with previous 
studies. 

On the other hand, correlation between NDVI and temperature was generally 
negative in most parts of East Africa Figure 4(b). This is not different from the 
study by (Garai et al., 2022), which also demonstrated inverse correlation be-
tween NDVI and land surface temperature. This negative correlation may indi-
cate that NDVI is sensitive to changes in temperature, with higher temperatures 
potentially causing stress and reduced vigour in plants. This will hence affect 
pasture by reducing its quality and quantity. Correlation was observed to be sig-
nificant in areas such as northern Uganda and north-western Tanzania. 

 

 
Figure 4. (a) Spatial correlation between rainfall and NDVI, (b) Spatial correlation be-
tween temperature and NDVI from the year (1982-2019). 
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Figure 5. (a) East African mean annual spatial trends of NDVI, (b) Rainfall and (c) Temperature from the year (1982-2019). 

3.3. Annual Trends of Rainfall, Temperature, and NDVI 

In this study, analysis using MK trend test Figure 5(a), revealed an increase of 
NDVI over Karamoja, Northern parts of Masai, Hima and Tusi areas (Figure 2) 
including North western Uganda and Southern parts of Tanzania. The increas-
ing trend of NDVI signifies high quality and quantity of pasture in these loca-
tions. A decreasing trend of NDVI was detected over Oromo and Sukuma 
(Figure 2). Such a decrease will reduce the quality and quantity of the pasture. 

Rainfall trends Figure 5(b) revealed an upward (positive) trend in the regions 
where NDVI showed positive trend while negative trend where NDVI also 
showed negative trend. This suggests that the decreasing pattern of rainfall in-
hibited the development of vegetation hence low NDVI values. This will there-
fore affect the quality and quantity of the pasture such as in grazing areas. This 
will therefore affect the quality and quantity of the pasture such as in grazing ar-
eas. This is in good agreement with (Garai et al., 2022; Kalisa et al., 2019), where 
results indicated that high values of NDVI corresponds to spatial distribution of 
precipitation than temperature. Figure 5(c) clearly showed temperature had 
positive trends in areas where NDVI had negative trends while negative in areas 
where NDVI showed positive trends. This suggested that increase in tempera-
ture hampered the development of vegetation whereas low temperature en-
hanced the development of vegetation hence affecting the quality and quantity of 
pasture in the grazing areas. 

3.4. EOF Analysis 

The results of EOF presented in Figure 6, and Figure 7 showed positive pattern 
of NDVI over northeast of the study domain, which cover grazing areas of Tur-
kana, Oromo, Masai and Sukuma (Figure 2). On the other hand, negative pat-
terns were detected in western locations and Southeast of Tanzania. The positive  
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Figure 6. (a) Extracted map showing the spatial pattern of the second EOF mode (EOF2) of the mean 
NDVI during JJA season, (b) The corresponding principal component 2 (PC2) time series of the mean 
NDVI during JJA season based on 1982-2019 period. 

 

 
Figure 7. (a) Extracted map showing the spatial pattern of the second EOF mode (EOF2) and (b) Its cor-
responding principal component 2 (PC2) time series in of the mean rainfall during JJA season based on 
1982-2019 climatology. 

 
patterns indicated increasing NDVI while negative decreasing of NDVI. This 
study further investigated interannual changes of NDVI by using the corre-
sponding PCs time series of EOF presented in Figure 6(b). The results demon-
strated a low NDVI between the years of 1982 and 1988 and also between 2002 
and 2008 while high during the other years such as between 1989 and 1995, in-
cluding 1998 and 2001. The EOF pattern of rainfall was similar to that of NDVI 
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as shown in Figure 7(a) and Figure 7(b). On the other hand, Temperature Fig-
ure 8(a) and Figure 8(b) revealed an opposite pattern where a positive index 
was notable over the northern areas of Uganda and north western areas of Kenya 
specifically, Karamoja and Turkana grazing areas. This result was consistent 
with those in a study by (Guo et al., 2020) in which NDVI interannual variability 
was significantly related to that of the corresponding temperature and precipita-
tion for each biome. The rest of the areas were dominated by negative and insig-
nificant changes of EOF values. The pattern observed above clearly suggested a 
possible influence of rainfall and temperature on NDVI. Furthermore, rainfall 
might have enhanced the development of vegetation in areas where both rainfall 
and NDVI showed positive EOF values whereas opposite in areas with negative 
EOF values. In contrary, temperature increase could have prohibited develop-
ment of vegetation as it mostly showed positive EOF values in areas where 
NDVI had negative EOF values while opposite in areas where NDVI had posi-
tive values. The pattern discussed above is consistent with those of previous sec-
tions such as trends where increase and decrease of NDVI was highly associated 
with increase and decrease of rainfall and temperature respectively. 

4. Conclusion 

This study used seasonal and annual rainfall, temperature and NDVI data for the 
period 1982-2019 to examine the spatial temporal variability of rainfall and tem-
perature on the variability of pasture on the cattle grazing areas of East Africa. 

The study demonstrated a positive correlation between NDVI and rainfall 
while an inverse correlation between NDVI and temperature. The study showed 
that variability in both amounts of precipitation and temperature, affect pasture.  

 

 
Figure 8. (a) The spatial pattern of the second EOF mode (EOF2) and its corresponding PC time series in 
(b), of the mean Temperature during JJA season based on 1982-2019 climatology. 
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This study contributes to the understanding of spatial and temporal response of 
pasture to varying climatic conditions. The major implication of the present 
study is to give guidance in decision making of pasture management in East Af-
rican cattle grazing areas under changing climatic conditions. Based on the 
findings from this study, we propose further studies to be carried out on inter-
pretation of meteorological information such as monthly or seasonal weather 
bulletins to the local pastoralists through agricultural specialists since they are 
directly venerable to the changes of weather patterns. 

Acknowledgements 

The first author would like to acknowledge the resources and services provided 
by the https://cds.climate.copernicus.eu/cdsapp#!/, CHIRPS and Temperature 
Data Portal, https://doi.org/10.7289/V5ZG6QH9, NDVI - NOAA-07 GAC data 
portal, Uganda National Meteorological Authority (UNMA) and the Ministry of 
Commerce of China (MOFCOM) for giving me the opportunity to study. Hon-
our and thanks to Prof. Wang Wen for supervising and guiding me on this re-
search. 

Authors’ Contributions 

Conceptualization, Methodology, Data Analysis, Original draft preparation were 
performed by Natiko Peter. Data download was performed by Raharivelo Sitraka 
Ny Aina and Alupot Donnata, Image processing was performed by Nyasulu 
Matthews, and Emmanuel Yeboah. Manuscript review was performed by Nya-
sulu Matthews, manuscript editing, final drafting and supervision were per-
formed by Prof. Wang Wen. 

Funding 

The authors declare that no funds, grants, or other support were received during 
the preparation of this manuscript. 

Data Availability 

The data that support the findings of the study are available on the request from 
the corresponding author. 

Conflicts of Interest 

The authors declare no conflicts of interest regarding the publication of this 
paper. 

References 
Abdi, H. (2007). The Kendall Rank Correlation Coefficient.  

https://people.duke.edu/~rnau/rsquared.htm   

Afuye, G. A., Kalumba, A. M., & Orimoloye, I. R. (2021). Characterisation of Vegetation 
Response to Climate Change: A Review. Sustainability, 13, Article 7265.  

https://doi.org/10.4236/gep.2024.123004
https://cds.climate.copernicus.eu/cdsapp#!/
https://doi.org/10.7289/V5ZG6QH9
https://people.duke.edu/%7Ernau/rsquared.htm


N. Peter et al. 
 

 

DOI: 10.4236/gep.2024.123004 66 Journal of Geoscience and Environment Protection 
 

https://doi.org/10.3390/su13137265  

Ame, H. K., Kijazi, A. L., Changa, L. B., Mafuru, K. B., Ngwali, M. K., Faki, M. M., Hmad, 
A. O., & Miraji, M. K. (2021). Rainfall Variability over Tanzania during October to 
December and Its Association with Sea Surface Temperature (SST). Atmospheric and 
Climate Sciences, 11, 324-341. https://doi.org/10.4236/acs.2021.112019  

Ayanlade, A., & Ojebisi, S. M. (2019). Climate Change Impacts on Cattle Production: 
Analysis of Cattle Herders’ Climate Variability/Change Adaptation Strategies in Nige-
ria. Change and Adaptation in Socio-Ecological Systems, 5, 12-23.  
https://doi.org/10.1515/cass-2019-0002  

Ayugi, B., & Tan, G. (2019). Recent Trends of Surface Air Temperatures over Kenya from 1971 
to 2010. Meteorology and Atmospheric Physics, 131, 1401-1413.  
https://doi.org/10.1007/s00703-018-0644-z  

Bollig, M., & Göbel, B. (1997). Risk, Uncertainty and Pastoralism: An Introduction. No-
madic Peoples, 1, 5-21. https://doi.org/10.3167/082279497782384712  

Deaton, J. (2022). Rising Temperatures Could Make Weather Harder to Forecast Longer 
into the Future. The Washington Post.  
https://www.washingtonpost.com/weather/2022/01/25/climate-change-weather-unpre
dictable/   

Esterby, S. R. (1996). Review of Methods for the Detection and Estimation of Trends with 
Emphasis on Water Quality Applications. Hydrological Processes, 10, 127-149. 
https://onlinelibrary.wiley.com/doi/abs/10.1002/%28SICI%291099-1085%28199602%2
910%3A2%3C127%3A%3AAID-HYP354%3E3.0.CO%3B2-8   
https://doi.org/10.1002/(SICI)1099-1085(199602)10:2<127::AID-HYP354>3.0.CO;2-8  

FAO (2003). Sustainable Land Management. Food and Agriculture Organization of the 
United Nations.  
https://www.fao.org/land-water/land/sustainable-land-management/es/   

Fratkin, E. (2001). East African Pastoralism in Transition: Maasai, Boran, and Rendille 
Cases. African Studies Review, 44, 1-25. https://doi.org/10.2307/525591  

Funk, C., Peterson, P., Landsfeld, M., Pedreros, D., Verdin, J., Shukla, S., Husak, G., 
Rowland, J., Harrison, L., Hoell, A., & Michaelsen, J. (2015). The Climate Hazards In-
frared Precipitation with Stations—A New Environmental Record for Monitoring Ex-
tremes. Scientific Data, 2, Article 150066. https://doi.org/10.1038/sdata.2015.66  

Garai, S., Khatun, M., Singh, R., Sharma, J., & Pradhan, M. (2022). Assessing Correlation 
between Rainfall, Normalized Difference Vegetation Index (NDVI) and Land Surface 
Temperature (LST) in Eastern India. Safety in Extreme Environments, 4, 119-127.   
https://www.researchgate.net/publication/361184650_Assessing_correlation_between_
Rainfall_normalized_difference_Vegetation_Index_NDVI_and_land_surface_temperat
ure_LST_in_Eastern_India   
https://doi.org/10.1007/s42797-022-00056-2  

Grothmann, T., & Patt, A. (2005). Adaptive Capacity and Human Cognition: The Process of 
Individual Adaptation to Climate Change. Global Environmental Change, 15, 199-213. 
https://www.researchgate.net/publication/259563193_Adaptive_capacity_and_human_
cognition_The_process_of_individual_adaptation_to_climate_change    
https://doi.org/10.1016/j.gloenvcha.2005.01.002  

Guo, L. H., Zuo, L. Y., Gao, J. B., & Jiang, Y. (2020). Revealing the Fingerprint of Climate 
Change in Interannual NDVI Variability among Biomes in Inner Mongolia, China. Re-
mote Sensing, 12, 1332.   
https://www.researchgate.net/publication/340882251_Revealing_the_Fingerprint_of_Cli
mate_Change_in_Interannual_NDVI_Variability_among_Biomes_in_Inner_Mongolia_
China   

https://doi.org/10.4236/gep.2024.123004
https://doi.org/10.3390/su13137265
https://doi.org/10.4236/acs.2021.112019
https://doi.org/10.1515/cass-2019-0002
https://doi.org/10.1007/s00703-018-0644-z
https://doi.org/10.3167/082279497782384712
https://www.washingtonpost.com/weather/2022/01/25/climate-change-weather-unpredictable/
https://www.washingtonpost.com/weather/2022/01/25/climate-change-weather-unpredictable/
https://onlinelibrary.wiley.com/doi/abs/10.1002/%28SICI%291099-1085%28199602%2910%3A2%3C127%3A%3AAID-HYP354%3E3.0.CO%3B2-8
https://onlinelibrary.wiley.com/doi/abs/10.1002/%28SICI%291099-1085%28199602%2910%3A2%3C127%3A%3AAID-HYP354%3E3.0.CO%3B2-8
https://doi.org/10.1002/(SICI)1099-1085(199602)10:2%3c127::AID-HYP354%3e3.0.CO;2-8
https://www.fao.org/land-water/land/sustainable-land-management/es/
https://doi.org/10.2307/525591
https://doi.org/10.1038/sdata.2015.66
https://www.researchgate.net/publication/361184650_Assessing_correlation_between_Rainfall_normalized_difference_Vegetation_Index_NDVI_and_land_surface_temperature_LST_in_Eastern_India
https://www.researchgate.net/publication/361184650_Assessing_correlation_between_Rainfall_normalized_difference_Vegetation_Index_NDVI_and_land_surface_temperature_LST_in_Eastern_India
https://www.researchgate.net/publication/361184650_Assessing_correlation_between_Rainfall_normalized_difference_Vegetation_Index_NDVI_and_land_surface_temperature_LST_in_Eastern_India
https://doi.org/10.1007/s42797-022-00056-2
https://www.researchgate.net/publication/259563193_Adaptive_capacity_and_human_cognition_The_process_of_individual_adaptation_to_climate_change
https://www.researchgate.net/publication/259563193_Adaptive_capacity_and_human_cognition_The_process_of_individual_adaptation_to_climate_change
https://doi.org/10.1016/j.gloenvcha.2005.01.002
https://www.researchgate.net/publication/340882251_Revealing_the_Fingerprint_of_Climate_Change_in_Interannual_NDVI_Variability_among_Biomes_in_Inner_Mongolia_China
https://www.researchgate.net/publication/340882251_Revealing_the_Fingerprint_of_Climate_Change_in_Interannual_NDVI_Variability_among_Biomes_in_Inner_Mongolia_China
https://www.researchgate.net/publication/340882251_Revealing_the_Fingerprint_of_Climate_Change_in_Interannual_NDVI_Variability_among_Biomes_in_Inner_Mongolia_China


N. Peter et al. 
 

 

DOI: 10.4236/gep.2024.123004 67 Journal of Geoscience and Environment Protection 
 

https://doi.org/10.3390/rs12081332  

Hackney, B., Orchard, P., Kemp, D., & Orchard, B. (2015). Factors Affecting Pasture 
Productivity in Topographically Variable Landscapes—Implications for Pasture Input 
Management. 

Hannachi, A., Jolliffe, I. T., & Stephenson, D. B. (2007). Empirical Orthogonal Functions 
and Related Techniques in Atmospheric Science: A Review. International Journal of 
Climatology, 27, 1119-1152. https://doi.org/10.1002/joc.1499  

Harrison, L., Landsfeld, M., Husak, G., Davenport, F., Shukla, S., Turner, W., Peterson, 
P., & Funk, C. (2022). Advancing Early Warning Capabilities with CHIRPS-Compatible 
NCEP GEFS Precipitation Forecasts. Scientific Data, 9, Article 375.  
https://doi.org/10.1038/s41597-022-01468-2  

Helsel, D. R., & Hirsch, R. M. (2002). Statistical Methods in Water Resources. In Tech-
niques of Water-Resources Investigations (04-A3). U.S. Geological Survey.  

Islam, M. T., & Xing, L. (2021). A Data-Driven Dimensionality-Reduction Algorithm for 
the Exploration of Patterns in Biomedical Data. Nature Biomedical Engineering, 5, 
624-635. https://doi.org/10.1038/s41551-020-00635-3  

Jiao, F., Liu, H., Xu, X., Gong, H., & Lin, Z. (2020). Trend Evolution of Vegetation 
Phenology in China during the Period of 1981-2016. Remote Sensing, 12, Article 572.  
https://doi.org/10.3390/rs12030572  

Kabonesa, C., & Kindi, F. I, (2013). Impacts of Climate Change and Variability on Pastor-
alist Women in Sub-Saharan Africa. https://catalog.ihsn.org/citations/39057   

Kaihatu, J. M., Handler, R. A., Marmorino, G. O., & Shay, L. K. (1998). Empirical Orthogonal 
Function Analysis of Ocean Surface Currents Using Complex and Real-Vector Methods. 
Journal of Atmospheric and Oceanic Technology, 15, 927-941.  
https://doi.org/10.1175/1520-0426(1998)015<0927:EOFAOO>2.0.CO;2  

Kalisa, W., Igbawua, T., Henchiri, M., Ali, S., Zhang, S., Bai, Y., & Zhang, J. (2019). As-
sessment of Climate Impact on Vegetation Dynamics over East Africa from 1982 to 
2015. Scientific Reports, 9, Article 1.  
https://doi.org/10.1038/s41598-019-53150-0   

Kumar, V., Bharti, B., Singh, H. P., & Topno, A. R. (2023). Assessing the Interrelation 
between NDVI and Climate Dependent Variables by Using Granger Causality Test and 
Vector Auto-Regressive Neural Network Model. Physics and Chemistry of the Earth, 
Parts A/B/C, 131, Article 103428. https://doi.org/10.1016/j.pce.2023.103428  

Lind, J., Sabates-Wheeler, R., Caravani, M., Kuol, L. B. D., & Nightingale, D. M. (2020). 
Newly Evolving Pastoral and Post-Pastoral Rangelands of Eastern Africa. Pastoralism, 
10, Article No. 24. https://doi.org/10.1186/s13570-020-00179-w  

Mann, H. B. (1945). Nonparametric Tests against Trend. Econometrica, 13, 245-259.  
https://doi.org/10.2307/1907187  

Martin, C., Rouel, J., Jouany, J. P., Doreau, M., & Chilliard, Y. (2008). Methane Output 
and Diet Digestibility in Response to Feeding Dairy Cows Crude Linseed, Extruded 
Linseed, or Linseed Oil. Journal of Animal Science, 86, 2642-2650.  
https://doi.org/10.2527/jas.2007-0774  

Moritz, M. (2013). Review of “Pastoralism and Development in Africa: Dynamic Change 
At the Margins” Edited by Andy Catley, Jeremy Lind, and Ian Scoones. Pastoralism: 
Research, Policy and Practice, 3, Article No. 19.  
https://doi.org/10.1186/2041-7136-3-19  

Ndayisaba, F., Guo, H., Bao, A., Hui, G., Karamage, F., & Kayiranga, A. (2016). Under-
standing the Spatial Temporal Vegetation Dynamics in Rwanda. Remote Sensing, 8, 
129. https://doi.org/10.3390/rs8020129   

https://doi.org/10.4236/gep.2024.123004
https://doi.org/10.3390/rs12081332
https://doi.org/10.1002/joc.1499
https://doi.org/10.1038/s41597-022-01468-2
https://doi.org/10.1038/s41551-020-00635-3
https://doi.org/10.3390/rs12030572
https://catalog.ihsn.org/citations/39057
https://doi.org/10.1175/1520-0426(1998)015%3c0927:EOFAOO%3e2.0.CO;2
https://doi.org/10.1038/s41598-019-53150-0
https://doi.org/10.1016/j.pce.2023.103428
https://doi.org/10.1186/s13570-020-00179-w
https://doi.org/10.2307/1907187
https://doi.org/10.2527/jas.2007-0774
https://doi.org/10.1186/2041-7136-3-19
https://doi.org/10.3390/rs8020129


N. Peter et al. 
 

 

DOI: 10.4236/gep.2024.123004 68 Journal of Geoscience and Environment Protection 
 

Nimusiima, A., Basalirwa, C., Mwanjalolo, M., Kirya, D., Twinomuhangi, R., Rasul, F., 
Ogwang, B., & Rehmani, M. I. A. (2018). Predicting the Impacts of Climate Change 
Scenarios on Maize Yield in the Cattle Corridor of Central Uganda. Journal of Envi-
ronmental and Agricultural Sciences, 14, 63-78. 

Ojima, K. T., Nagai, S., & Nakano, H. (2017). Ecobody Technology: Rapid Monoclonal 
Antibody Screening Method from Single B Cells Using Cell-Free Protein Synthesis for 
Antigen-Binding Fragment Formation. Scientific Reports, 7, Article No. 13979.  
https://www.nature.com/articles/s41598-017-14277-0   
https://doi.org/10.1038/s41598-017-14277-0  

Payette, S., Filion, L., Delwaide, A., & Bégin, C. (1989). Reconstruction of Tree-Line 
Vegetation Response to Long-Term Climate Change. Nature, 341, 429-432.  
https://doi.org/10.1038/341429a0  

Pettorelli, N., Ryan, S., Mueller, T., Bunnefeld, N., Jedrzejewsk, B., Lima, M., & Kausrud, 
K. (2011). The Normalized Difference Vegetation Index (NDVI): Unforeseen Successes 
in Animal Ecology. Climate Research, 46, 15-27. https://doi.org/10.3354/cr00936  

Reich, P. (2013). Understanding the Relationship between Livestock Grazing and Wet-
land Condition.  

Roever, L., Resende, E., Diniz, A., Penha-Silva, N., Biondi-Zoccai, G., Casella-Filho, A., 
Dourado, P. M., & Chagas, A. (2016). Critical Analysis of Clinical Research Articles: A 
Guide for Evaluation. Evidence Based Medicine and Practice, 2, 1000e116.   
https://doi.org/10.4172/2471-9919.1000e116  

Roundy, P. E. (2015). On the Interpretation of EOF Analysis of ENSO, Atmospheric Kel-
vin Waves, and the MJO. Journal of Climate, 28, 1148-1165.  
https://journals.ametsoc.org/view/journals/clim/28/3/jcli-d-14-00398.1.xml   
https://doi.org/10.1175/JCLI-D-14-00398.1  

Sagero, P., Shisanya, C., & Makokha, G. (2018). Investigation of Rainfall Variability over Kenya 
(1950-2012). Journal of Environmental and Agricultural Sciences (JEAS), 2313-8629, 14. 

Suhaila, J., Deni, S., Zin, W., & Jemain, A. (2010). Trends in Peninsular Malaysia Rainfall 
Data during the Southwest Monsoon and Northeast Monsoon Seasons: 1975-2004. 
Sains Malaysiana, 39, 533-542. 

Tian, S., Wang, S., Bai, X., Zhou, D., Luo, G., Yang, Y., Hu, Z., Li, C., Deng, Y., & Lu, Q. 
(2020). Ecological Security and Health Risk Assessment of Soil Heavy Metals on a Vil-
lage-Level Scale, Based on Different Land Use Types. Environmental Geochemistry and 
Health, 42, 3393-3413. https://doi.org/10.1007/s10653-020-00583-6  

Walter, J., Grant, K., Beierkuhnlein, C., Kreyling, J., Weber, M., & Jentsch, A. (2012). In-
creased Rainfall Variability Reduces Biomass and Forage Quality of Temperate Grass-
land Largely Independent of Mowing Frequency. Agriculture, Ecosystems and Envi-
ronment, 148, 1-10. https://doi.org/10.1016/j.agee.2011.11.015  

Wang, J., Xie, Y., Wang, X., & Guo, K. (2020). Driving Factors of Recent Vegetation 
Changes in Hexi Region, Northwest China Based on a New Classification Framework. 
Remote Sensing, 12, Article 1758 https://www.mdpi.com/2072-4292/12/11/1758   
https://doi.org/10.3390/rs12111758  

Whitlock, C., & Bartlein, P. J. (1997). Vegetation and Climate Change in Northwest 
America during the Past 125 kyr. Nature, 388, 57-61. https://doi.org/10.1038/40380  

Xu, D., Lu, H., Chu, G., & Shen, C. (2023). Fast Response of Vegetation in East Asia to 
Abrupt Climatic Events during the Last Deglaciation. PNAS Nexus, 2, ad061.  
https://doi.org/10.1093/pnasnexus/pgad061  

Zhang, Z., Wei, J., Li, J., Jia, Y., Wang, W., Li, J., Lei, Z., & Gao, M. (2022). The Impact of 

https://doi.org/10.4236/gep.2024.123004
https://www.nature.com/articles/s41598-017-14277-0
https://doi.org/10.1038/s41598-017-14277-0
https://doi.org/10.1038/341429a0
https://doi.org/10.3354/cr00936
https://doi.org/10.4172/2471-9919.1000e116
https://journals.ametsoc.org/view/journals/clim/28/3/jcli-d-14-00398.1.xml
https://doi.org/10.1175/JCLI-D-14-00398.1
https://doi.org/10.1007/s10653-020-00583-6
https://doi.org/10.1016/j.agee.2011.11.015
https://www.mdpi.com/2072-4292/12/11/1758
https://doi.org/10.3390/rs12111758
https://doi.org/10.1038/40380
https://doi.org/10.1093/pnasnexus/pgad061


N. Peter et al. 
 

 

DOI: 10.4236/gep.2024.123004 69 Journal of Geoscience and Environment Protection 
 

Climate Change on Maize Production: Empirical Findings and Implications for Sus-
tainable Agricultural Development. Frontiers in Environmental Science, 10, Article 
954940. https://www.frontiersin.org/articles/10.3389/fenvs.2022.954940/full   
https://doi.org/10.3389/fenvs.2022.954940  

Zhao, G., Ren, L., & Ye, Z. (2022). Vegetation Dynamics in Response to Climate Change 
and Human Activities in a Typical Alpine Region in the Tibetan Plateau. International 
Journal of Environmental Research and Public Health, 19, Article 12359.  
https://doi.org/10.3390/ijerph191912359  

Zhong, L., Ma, Y., Xue, Y., & Piao, S. (2019). Climate Change Trends and Impacts on 
Vegetation Greening over the Tibetan Plateau. Journal of Geophysical Research: At-
mospheres, 124, 7540-7552. https://doi.org/10.1029/2019JD030481  

 

https://doi.org/10.4236/gep.2024.123004
https://www.frontiersin.org/articles/10.3389/fenvs.2022.954940/full
https://doi.org/10.3389/fenvs.2022.954940
https://doi.org/10.3390/ijerph191912359
https://doi.org/10.1029/2019JD030481

	Spatio-Temporal Variability of Rainfall and Temperature and Their Effects on Pasture Variability over East Africa: Implication on the Cattle Grazing Areas
	Abstract
	Keywords
	1. Introduction
	2. Data and Methodology
	2.1. Study Area
	2.2. Data Sources
	2.3. Methodology
	2.3.1. The Empirical Orthogonal Function (EOF)
	2.3.2. The Mann-Kendall Trend Test


	3. Results and Discussion
	3.1. Distribution of Rainfall, NDVI and Temperature
	3.2. Correlation Analysis for NDVI and Meteorological Parameters
	3.3. Annual Trends of Rainfall, Temperature, and NDVI
	3.4. EOF Analysis

	4. Conclusion
	Acknowledgements
	Authors’ Contributions
	Funding
	Data Availability
	Conflicts of Interest
	References

