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Abstract Examining the impact of climate variability on vegetation dynamics is the missing research element in
Upper Awash Basin. Hence, the aim of this study was investigating climate variability and their impacts on
vegetation dynamics. Monthly 250 meter resolution Moderate Imaging Spectro-radiometer (MODIS) Normalized
difference vegetation Index (NDVI), 1kilometer resolution MODIS Land Surface Temperature (LST), rainfall data
from 19 meteorological stations, and NINO3.4 (SSTA) were used for this study. A Mann Kendall (MK) trend test
was used to determine the trend of each dataset using seasonal and annual time-series. Pearson correlation
coefficient was also used to estimate the association between NDVI and climatic elements. Results of this study
revealed that there was no significant change in the annual and seasonal NDVI, LST, Sea surface Temperature
Anomaly (SSTA) and rainfall during the period 2001 to 2016, except NDVI in belg season. The correlation between
NDVI and rainfall was positive (r = 0.51), strong positive (r= 0.62), low positive (r = 0.45) and low negative
(r = -0.33) for annual, belg, bega and kiremit seasons, respectively. Similarly, the correlation between NDVI and
LST was negative (r = - 0.58), strong negative (r= -0.67), negative (r = -0.5) and low positive (r = 0.41) for annual,
belg, bega and kiremit seasons, respectively. On the other hand, the correlation between NDVI and SSTA was low
negative (r = - 0.41), weak negative (r= -0.29), weak positive (r = 0.22) and low positive (r = 0.42) for annual, bega,
belg as well as kiremit seasons, respectively.
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1. Introduction
Climate variability is one of the most determinant
factors affecting vegetation condition. There is a strong
association between climate and vegetation dynamics [1].
The variability in climate directly causes change in the
ecosystem [2,3]. Other studies also revealed the significant
effect of climate variability on the natural environment
[4,5]. Vegetation coverage has exhibited the most sensitive
response to climate variability [6]. This is due to the fact
that vegetation in terrestrial ecosystems is considered as
an intermediate link among the biosphere and atmosphere
of the earth system. Vegetation dynamics and their
relationship with climate variability have become a hot
issue at global level [7]. Climate plays a major role
in vegetation phonological cycles. Vegetation growth
is functionally dependent on climate. Consequently, a

change in biophysical parameter of vegetation canopy
implies a change in climate; accordingly vegetation is
used as key inputs into many climate change models [8].
Remote sensing plays an important role in providing
an effective tool for monitoring different parameters of
complex ecosystems [9] in many countries like Ethiopia.
Satellite based vegetation index derivation is one of the
research approaches to assess climate variability and
vegetation dynamics of the earth’s surface [10,11].
Satellite data are increasingly used to investigate the
association between vegetation indices and climatic
parameters [12]. Normalized Difference Vegetation Index
(NDVI) derived from Coarse to moderate-scale satellite
image products is considered as reliable indicators of
vegetation conditions and a proxy of biomass production
at regional scale [13].
Climate variability is the most important cause of food
insecurity in many part of the world [14]. Hence, it has
recently become a pressing issue in various development,
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environment, and political forums at national, regional and
international levels [15]. In Ethiopia, El Niño has been the
cause of crop failure, livestock death and food insecurity
for many years. Since, the rainy season in Upper Awash
Basin, mostly dependent on El Niño and La Niña events
occurring in the Tropical Pacific Ocean [16]. Analyzing El
Niño/La Niña Southern Oscillation episodes together with
other climatic parameters would be helpful for many
sectors. However, very limited studies have been conducted
to assess the impact of El Niño/La Niña Southern
Oscillation episodes with other climatic parameters on
vegetation spatio-temporal dynamics in Ethiopia in
general and in the Upper Awash Basin in particular.
A recent study conducted by [17] which focus on
spatio-temporal variability of vegetation cover and main
climatic elements with El Niño Southern Oscillation
(ENSO) in north western Ethiopia using geoinformation
techniques revealed an increase in kiremit and belg
seasonal vegetation coverage during El Niño episodes
contrasted to La Niña episodes. However, there has been a
rainfall delay during El Niño episodes in the first one or
two months of kiremit season. The association between
main climatic elements (rainfall and temperature) and
vegetation dynamics associated with ENSO has not been
investigated in the study area. Therefore, this study was
aimed at investigating the association between climate
variability and vegetation dynamics using remotely sensed
vegetation products/indices and in-situ meteorological
observations in the Upper Awash Basin, Ethiopia.

2. Materials and Methods
2.1. Study Area
This study was conducted in the Upper Awash Basin,
Ethiopia. It is located between 8°16'N - 9° 18' N and
37° 57'E - 39°17'E. It covers a total area of 10,640.1 km2.

2.2. Data Types and Sources
This study used in-situ meteorological data obtained
from the Ethiopian National Meteorological Agency
(NMSA) and satellite data acquired from the United States
Geological Survey (USGS). Weather stations were chosen
based on data availability and their spatial distribution
within the study area. However, spatial location of stations
that records temperature data was distributed unevenly in
the study area and most stations recorded only rainfall
data. Due to this, the study used MODIS Land Surface
Temperature (LST) data instead of using in-situ temperature
data from National Metrological Agency (NMA).
2.2.1. Meteorological Dataset Preparation
The meteorological dataset was checked for its spatial
and temporal completeness prior to subsequent analysis.
On top of this, the quality of these data was assessed and
missing values were replaced by the long-term mean for
the missing month [18].

Figure 1. Location map of the Upper Awash Basin
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In this study, surface map in the form of grid map of
precipitation for the study area was constructed using the
geostatistical interpolation method known as ordinary
kriging [17]. Ordinary kriging relies on spatial correlation
structure of the data to determine the weighting values
instead of weighting nearby data points by some power of
their inverted distance and it is an effective spatial
interpolation and mapping tool. Because it honors data
locations provides unbiased estimates at unsampled
locations and provides for minimum estimation variance.
It is best linear unbiased estimator [19,20,21]. Ordinary
kriging is found to be the best method as it produces
little root mean square error [21,22]. More importantly,
ordinary krigging technique enables to see the semivariogram
plots and probability maps to ascertain the model fit
of prediction function [19] and to have a clue on the
interpolation error [23].
N

Ź ( So ) = ∑ ( λi Z ( Si ) )

(1)

i =1

where Z(Si) is the measured or computed value (for the
purpose of this study, rainfall) at ith location λi is an
unknown weight for the measured value at the ith location,
is the prediction location while N is the number of
locations where rainfall is measured.
In addition to this, mean sea surface temperature (SST)
anomalies of NINO3.4, NINO3 and NINO4 region
from National Oceanic and Atmospheric Administration
(NOAA) satellite mission was used for the analysis to
understand the association between SST anomalies and
NDVI, and between SST anomalies and rainfall in the
Upper Awash Basin. Since NINO 3.4 has characteristics
of both NINO3 and NINO4, researchers such as [24] and
[25] recommended to use NINO3.4 SST anomalies. Hence,
the study has used SST anomalies of NINO3.4 region. To
be classified as a full-fledged El Niño and La Niña
episode the NINO3.4 SST anomalies must exceed +0.5 for
El Niño and less than - 0.5 for La Niña.
2.2.2. Remote Sensing Data
This study used sixteen days MODIS composites
(MOD13Q1) MODIS NDVI (250 m) and 8 days
composites (MOD11A2 LST (1 km)) time series for time
scale from 2001 to 2016. The MODIS 250 m NDVI
product (MOD13Q1) of 16-day composites provided
vegetation phenology data. MODIS which was launched
on NASA's earth observing system (EOS) is the most
important sensor for monitoring the terrestrial ecosystem
[26]. It is more sensitive to changes in vegetation
dynamics and was found to be a more accurate and
versatile instrument to monitor the global vegetation
conditions than the AVHRR [26,27]. This study has
primarily used MODIS NDVI data as an indicator for
providing vegetation properties and associated changes for
large spatial scale [17,28]. NDVI is derived from MODIS
bands 1 and 2 as shown below:
NDVI =

B 2 − B1
B 2 + B1

(2)

Where B1 and B2 are the reflectance values yielded
by the MODIS band1 (red) and band 2 (near infrared),
respectively.
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2.2.3. Re-projection, Format Conversion and
Preprocessing of MODIS Datasets
MODIS products are provided with hierarchical data
format (HDF), which is not as such compatible to easily
read and undertake analysis of the vegetation phenology
and LST data using remote sensing related software
packages In addition to this, the data is archived with
global sinusoidal projection system which requires
appropriate coordinate transformation and projection to
use the data for regional and local applications with other
spatial datasets. Therefore, coordinate transformation and
format conversion is undertaken by using MODIS
Reprojection Tool (MRT), which is open source
geospatial software product.
MODIS NDVI and LST datasets are composite products
produced by maximum value compositing (MVC). As a
result datasets inevitably contain disturbances caused by
some errors such as atmospheric variability [29], aerosol
scattering [30] and some residual errors [31]. These
disturbances degrade the data quality and add considerable
uncertainty to temporal sequences, confusing the analysis
of temporal image sequences by introducing significant
variations on the NDVI and LST time series data. Noise
reduction or fitting a model to observation data is required
before temporal analysis. Though, there are many types of
smoothing algorithms [32-38], for this study, Fast Fourier
Transform (FFT) algorithm [36,38] was adopted. FFT is
considered as a powerful tool to reproduce NDVI and
LST time series [36,38] and computes Discrete Fourier
Transform (DFT) in a very quick way. Fast Fourier
Transform algorithm was used for the purpose of
screening and removal of cloud contaminated observations
and temporal interpolation of the remaining observations
to reconstruct gapless images at a prescribed temporal
scale [36,38].
2.2.4. Trend Analysis
Long term NDVI and climatic element trends are good
indicator to assess the existence of any associated changes
in vegetation productivity and climatic element variability
[39]. This study used non-parametric statistical tests,
the Mann-Kendall trend test to evaluate the statistical
significance of trends [40,41,42,43] using XLSTAT
2017. Unlike ordinary least squares regression, the
Mann-Kendall trend test is less affected by missing values
and uneven data distribution, and are robust towards
extreme values and serial dependence [44]. To identify the
magnitude of trend, Sen’s slope has been calculated
[43,45,46] which is a form of robust linear regression and
less affected by gross data errors or outliers compared to
linear regression analysis [47].
The Mann-Kendall test analyzes the sign of the
difference between later measured data and earlier
measured data. Each later measured value is compared to
all values measured earlier; resulting in a total of n (n-1)/2
possible pairs of data, where n is the total number of
observations. To perform a Mann-Kendall test, compute
the difference between the later-measured value and all
earlier-measured values, (yj-yi), where j>i, and assign the
integer value of 1, 0, or –1 to positive differences,
no differences, and negative differences, respectively.
The test statistic, S, is then computed as the sum of the
integers:
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=
S

n −1 n

∑∑

sign ( yj − yi )

(3)

i = 1 j = i +1

where sign (yj-yi), is equal to +1, 0, or -1 as indicated above
[47]. When S is a large positive number, later-measured
values tend to be larger than earlier values and an
increasing/positive trend is indicated. When S is a large
negative number, later values tend to be smaller than
earlier values and a downward trend is indicated. When
the absolute value of S is small, no trend is indicated. The
rate of change can be calculated using the Sen Slope
estimator [48]

 yj − yi 
.
 xj − xi 

β 1 = median 

(4)

For all i < j and i = 1, 2, …, n-1 and j = 2, 3,…, n; in other
words, computing the slope for all pairs of data that were
used to compute S. The median of those slopes is the Sen
slope estimator.
2.2.5. Correlation Analysis
This study used Pearson Correlation Coefficient to test
for a linear relationship between NDVI and climatic elements
(temperature, precipitation or SST anomalies), and also
between SST anomalies and Rainfall. The Pearson correlation
coefficient is a measure of the linear relationship between
two variables X and Y, giving a value between +1 and
-1 inclusive, where 1 is total positive correlation, 0
is no correlation, and -1 is negative correlation. It is
widely used in the science field as a measure of the
degree of linear association between two variables [49].
Methematically, it can be presented as follows;

∑ i =1( Xi − Xm) (Yi − Ym )
n
n
Xi − Xm)2 ∑ i 1(Yi − Ym)2
∑ i 1(=
=
n

rxy =

(5)

where rxy is the simple correlation coefficient of variables
X and Y, Xi is NDVI or SST anomalies of the ith
year/month, Yi is climatic elements (temperature,
precipitation or SST anomalies) of the ith year/month; Xm
is the average NDVI or SST anomalies for all years/month,
Ym is the average temperature, precipitation or SST
anomalies for all years/month [50,51].

3. Results and Discussion
3.1. Temporal Changes of Mean Annual
(NDVI), (LST), (SSTA) and
Rainfall (RF) Value for Upper Awash
Basin
The mean annual estimates of NDVI, LST, SSTA and
RF have exhibited temporal variability over the study
period (2001-2016). For instance, LST has a gradient of
2.77°C; the lowest LST is 28.96°C in 2010 and the highest
LST is 31.73°C in 2015. From the perspective of
vegetation dynamics, the NDVI has the lowest mean
annual value of 0.39 in 2012 and 2015, and highest value

of 0.43 in 2001 (Figure 2a). In Upper Awash Basin, the
mean annual estimates of NDVI and LST computed over a
period of 16 years correspond to 0.41 and 30.16°C,
respectively. Change curves of annual mean NDVI and
annual mean LST has been fluctuated in opposite direction
i.e as the value of LST increases, NDVI value decreases
and vice versa during the study period. Besides, the
change curves of annual mean NDVI and annual mean RF
were fluctuating almost in the same direction i.e as the
change curve of RF increases, NDVI curve also increases
(Figure 2b). As described by [52] the NDVI value was
highly dependent on the seasonal rainfall and low NDVI
value was indicator of drought in the northwestern
Ethiopia. As indicated in Figure 2c, the two variables,
SSTA and RF, are observed to exhibit out-of-phase
inter-annual oscillation patterns on time scale. SSTA has
the highest and lowest annual mean values of 1.58 (in
2015) and -0.83 (in 2010), respectively. Although, RF has
the highest and lowest mean annual estimates of 96.19 mm
(in 2010) and 66.24 mm (in 2002), respectively. Change
curves of annual mean RF and annual mean SST Anomalies
were fluctuating in opposite direction i.e as the change
curve of SST Anomalies increases, RF curve decreases
and vice versa. According to [53], the main reason for inter
annual variations of rainfall and the NDVI series is the
Pacific El Niño/Southern Oscillation event, which reaches
Ethiopia with a time lag of a few months. Similarly,
change curves of annual mean NDVI and annual mean
SST Anomalies were fluctuating almost in opposite
direction i.e as the change curve of SSTA increases,
NDVI curve decreases and vice versa (Figure 2d).
Undertaken Mann Kendall trend test indicates that
overall mean annual values of NDVI and SST Anomalies
have declined by 0.001 and 0.001°C per year, respectively
(Table 1). The 𝜌𝜌 -value of the mean annual NDVI and
SSTA is 0.228 and 0.965, respectively. This indicates that
the 𝜌𝜌 -values are greater than the significance level α
(0.05), suggesting that no significant decrement is
observed in the mean annual estimates of NDVI and SST
Anomalies at statistical confidence level of 95 %. On the
contrary, the LST and RF have showed an increment in
their mean annual estimates by 0.006°C and 0.064 mm per
annum, respectively. The mean annual values of LST and
RF have a 𝜌𝜌-value of 0.825 and 1.0, respectively. These 𝜌𝜌values are greater than the significance level α (0.05) and
this suggests that the increment in the mean annual values
of LST and RF is not significant with the confidence level
of 95 % over the study period. This indicates that, Upper
Awash Basin is experiencing highly fluctuating climatic
variables pattern than its change dimension [54]. This
result is supported by findings reported by [55] and he has
confirmed the absence of statistically significant trend for
NDVI and rainfall in Addis Ababa and Debre Zeit (which
are parts of our study area) from 1982 to 2006. Other
studies also support the results of our study. For instance,
[56] indicated that annual rainfall variability over
northwestern Ethiopia has no trend he used rain gauge
data to justify this. Besides, [57] showed that there was no
trend in annual rainfall in north western dryland of
Ethiopia (particularly Kaftahumera) over a period of 1983
to 2014, except the existence of trend in the seasonal
variability of rainfall.
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Figure 2. Variation of annual mean LST, NDVI, RF and SSTA of the Upper Awash Basin from 2001 to 2016
Table 1. Results of the Mann-Kendall trend test for annual mean NDVI, LST, SSTA and RF value for Upper Awash Basin.
Mean NDVI
Mean LST
Mean RF
Mean SSTA

Kendall's tau
-0.233
0.050
0.010
-0.017

S
-28.000
6.000
1.000
-2.000

𝜌𝜌-value (Two-tailed)
0.228
0.825
1.000
0.965

Alpha
0.05
0.05
0.05
0.05

Sen's Slope
-0.001
0.006
0.064
-0.001

Figure 3. Spatial distribution of the Annual Average NDVI (2001-2016) (a), Annual Average RF (2001-2015) in mm (b) and Annual Average LST
(2001-2016) in °C (c)
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3.2. Spatial Distribution of Annual Average
(NDVI), (LST), and Rainfall (RF) Value
Based on the MODIS data analysis, the 16 years mean
annual estimate of NDVI and LST averaged over the
upper Awash Basin is 0.413 and 0.16°C, respectively. A
multi-year rainfall data from meteorological stations has a
mean annual value of 81.83 mm over the time scale
ranging from 2001 to 2015. On the other hand, the
western and northwestern part of the sub-basin represents
the highest mean value of NDVI and RF, and the lowest
mean value of LST. In contrast, the central, eastern and
southeastern part of the basin represents the lowest mean
NDVI value as a consequence of the relatively low annual
mean rainfall and high annual average land surface
temperature (Figure 3). Previous study in the same area by
[27] supports the results of this study. He reported that
areas exhibiting high temperature are characterized by
very low vegetation cover and settlement areas. This
means, areas that are characterized by low temperature
correspond to sparse and densely populated vegetation.
There is a spatial variation between NDVI and mean
annual rainfall in the Upper Awash Basin, with higher
mean annual rainfall corresponding to higher NDVI. In
general, lower mean annual LST is coupled with higher
NDVI in most parts of the basin.

3.3. Temporal Changes of Kiremit (Main
Rainy Season) Mean NDVI, LST, SSTA
and RF Value for Upper Awash Basin
Over the study period, the mean value of LST for the
kiremit seasons reached highest and lowest values of
27.08°C and 23.37°C in 2009 and 2007, respectively.
Whereas, the mean value of the NDVI for the kiremit
seasons for the period from 2001 to 2016 has highest and
lowest values of 0.67 and 0.59 in 2014 and 2010,
respectively. Change curves of kiremit mean NDVI and
kiremit mean LST were fluctuating in an opposite
direction from 2001 to 2008 and in the same direction
from 2008 to 2016 (Figure 4a). On the other hand, the

mean values of SST Anomalies (SSTA) for the kiremit
season has experienced the highest value of 1.82°C in
2015 and lowest value of -1.19°C in 2010. Also, rainfall
during the kiremit season has the highest mean value of
202.33 mm in 2013 and lowest mean value of 145.5 mm
in 2002. Change curves of kiremit mean RF and kiremit
mean SST Anomalies were fluctuating in an opposite
direction in the study period (Figure 4c).
The mean values of SST Anomalies and LST for the
kiremit season were declined by 0.02°C and 0.012°C per
kiremit season, respectively. On the contrary, the mean
values of the NDVI and RF for the same season have
increased by 0.001 and 1.007 mm per kiremit season,
respectively (Table 2). However, observed trends of mean
kiremit NDVI, LST, SSTA and rainfall were not
statistically significant ( 𝜌𝜌 value greater than alpha at 95%
confidence interval). This indicates that, Upper Awash
Basin is experiencing highly fluctuating climatic variables
pattern than its change dimension [54].

3.4. Spatial Distribution of kiremit Average
NDVI, LST and RF Value
The sixteen years NDVI values varied from -0.057 to
0.81, LST was deviated from 13.81°C to 30.88°C, and the
amount of RF received was between 153.507 mm to
202.565 mm across the basin in kiremit season. Rainfall
was highest in northern and western part of the sub-basin
and lowest in southern and southeastern part of the region
(Figure 5b). The spatial distribution of LST is highest in
central, eastern and southeastern part of the region and
lowest in northwestern and southwestern part of the region
(Figure 5c). An investigation done by [27] has shown that
the spatial distribution of LST and NDVI during kiremit
season in Upper Awash Basin and he reported that the
dark green area represents the dense forest around at the
border of Entoto, Chilimo and Menagesh forest, the
eastern and southwestern parts of the study area have
exhibited high temperature, and the area around the
northern parts and some pockets of land in the southern
parts exhibit low temperature.

Figure 4. Variation of Kiremt mean LST, NDVI, RF and Mean Kiremt SST Anomalies of the study area from 2000 to 2016
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Table 2. Results of the Mann-Kendall trend test for kiremit mean NDVI, LST, SSTA and RF value for Upper Awash Basin
Mean NDVI
Mean RF
Mean LST
SSTA

Kendall's tau
0.151
0.200
-0.033
-0.067

S
18.000
21.000
-4.000
-8.000

𝜌𝜌-value (Two-tailed)
0.443
0.328
0.894
0.76

Alpha
0.05
0.05
0.05
0.05

Sen's slope
0.001
1.007
-0.012
-0.02

Figure 5. Spatial distribution of the kiremit average NDVI (2001-2016) (a), kiremit average RF (2001-2015) in mm (b) and kiremit average LST (20012016) in °C (c) of the Upper Awash Basin

Figure 6. Variation of bega means LST, NDVI, RF and Mean Kiremt SSTA of the study area from 2000 to 2016
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Table 3. Results of the Mann-Kendall trend test for bega mean NDVI, LST, SSTA and RF value for Upper Awash Basin
SSTA
Mean RF
Mean NDVI
Mean LST

Kendall's tau
-0.050
-0.048
0.133
0.025

S
-6.00
-5.00
16.0
3.00

3.5. Temporal Changes of Mean Bega (Dry
Season) NDVI, LST, SSTA and RF Value
for the Upper Awash Basin
The highest mean bega LST is 31.79°C in 2012 and the
lowest mean bega LST is 28.85°C in 2006. The highest
mean bega NDVI value is 0.44 in 2009 and the lowest mean
bega NDVI value is 0.37 in 2003 (Figure 6a). Over the study
period the highest mean bega SSTA is 2.19°C in 2015 and
the lowest mean bega SSTA is -1.18°C in 2011. The highest
mean bega RF value is 33.28 mm in 2009 and the lowest
mean bega RF value is 3.78 mm in 2001 (Figure 6d).
The mean values of SST Anomalies and RF for the
bega season showed decrement by 0.01°C and 0.09mm
per bega season, respectively. In contrary, the mean values
of LST for the bega season have increased by 0.01°C per
bega season, but no rate of change for mean values of
NDVI were observed during bega season from 2001 to
2016 (Table 3). The Mann-Kendall statistic (S) was -6 for
mean bega SSTA and -5 for mean bega RF and it indicates
downward trend, while the Mann-Kendall statistic (S) was
16 for mean bega NDVI and 3 for mean bega LST and it
indicates upward trend. In addition to this, Table 3 showed

𝜌𝜌-value (Two tailed)
0.82
0.85
0.51
0.93

Alpha
0.05
0.05
0.05
0.05

Sen's slope
-0.01
-0.09
0.00
0.01

that the 𝜌𝜌 -values of mean bega NDVI, LST, SST
Anomalies and RF is greater than the significance level α
(0.05), suggesting that the mean bega rainfall and SST
Anomalies decrement and mean bega LST increment was
not significant with the confidence level of 95 % over a
study period of 2001 to 2016. With regard to the NDVI,
no evidence of significant trend was observed, as the
computed 𝜌𝜌 -values were found to be greater than the
critical value at alpha= 0.05.

3.6. Spatial Distribution of Bega Average
NDVI, LST and RF Value
The 16 years NDVI value was ranged from -0.1049 to
0.788, LST was distributed from 18.67°C to 36.55°C and
RF was distributed from10.91 mm to 17.12 mm across the
whole basin in bega season. As shown in Figure 7, the
highest NDVI was obtained in western, northwestern and
southwestern part of the basin. Highest RF was also
recorded in north western part of the basin. The spatial
distribution of LST during bega season was highest in
eastern and southeastern part of the region and lowest in
northern and western part of the basin.

Figure 7. Spatial distribution of bega average NDVI (2001-2016) (a), bega Average RF (2001-2015) in mm (b) and bega Average LST (2001-2016)
in °C (c)
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3.7. Temporal Changes of belg (short rainy
season) Mean NDVI, LST, SSTA and RF
Value for the Upper Awash Basin
The results of the temporal analyses revealed that the
highest mean belg LST is 37.13°C in 2015 and the lowest
mean belg LST is 30.67 °C in 2010. As well, the highest
mean belg NDVI value is 0.43 in 2004 and the lowest
mean belg NDVI value is 0.26 in 2008 and 2015
(Figure 8a). As indicated in the same figure change curves
of belg mean NDVI and belg mean LST were fluctuates
almost in opposite direction i.e as the change curve of
LST increases, NDVI curve decreases and vice versa.
Change curves of belg mean NDVI and belg mean RF
were fluctuates almost in the same direction i.e as the
change curve of RF increases, NDVI curve also increases
(Figure 8b). These changes were not uniform across
observation period that there is also minor period where
belg NDVI and RF have showed opposite direction of
change like from 2004 towards 2007. This opposite
direction of change curve of belg NDVI and RF from
2004 to 2007 is an indication of variation in vegetation
productivity which is not in connection to variation in
precipitation distribution and thus rather linked to other
contributing factors that disturbed vegetation growth [57].
The highest mean belg SST Anomalies is 1.37 in 2016 and
the lowest mean belg SST Anomalies is -1.17 in 2008 and
the highest mean belg RF value is 91.87 mm in 2010 and
the lowest mean belg RF value is 27 mm in 2009 (Figure 8c).
As presented in Table 4, the mean values of NDVI and
RF for the belg season have decreased by 0.008 and
0.923mm per belg season, respectively. The 𝜌𝜌-value of
mean belg NDVI was 0.026. The 𝜌𝜌- values is less than the
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significance level α (0.05) for mean belg NDVI value, and
this suggested that the decrement in the mean value of
NDVI was significant with the confidence level of 95 %
over a study period of 2001-2016 in belg season. The 𝜌𝜌value of mean belg RF was 0.559 and it is greater than the
significance level α (0.05) suggesting that the belg mean
rainfall decrement was not significant with the confidence
level of 95 % over a period of 2001-2015. On the contrary,
the mean values of LST and SST Anomalies have
increased by 0.047°C and 0.029°C per belg season,
respectively. The 𝜌𝜌-values of mean values of LST and
SSTA are 0.626 and 0.450, respectively for the belg
season. Furthermore, 𝜌𝜌 - values for LST and SST
Anomalies are greater than the significance level α (0.05),
suggesting that the increment in LST and SSTA was not
significant with the confidence level of 95 % over a study
period of 2001-2016.

3.8. Spatial Distribution of belg Average
NDVI, LST and RF Value
Results of our analysis showed that the mean values of
NDVI (within 16 years period), LST (within 16 years
period) and RF (within 15 years period) are 0.33, 34.88°C
and 54.63 mm respectively, for the belg season in the
Upper Awash Basin. Western and northwestern region of
the basin reflects the highest mean NDVI value as a
consequence of high belg RF and the low mean LST
values. On the other hand The central, eastern and
southeastern part of the basin are showing the lowest
mean NDVI value as a consequence of the relatively low
belg mean rainfall and high belg average land surface
temperature.

Figure 8. Variation of belg means LST, NDVI, RF and SST Anomalies of the Upper Awash Basin from 2001 to 2016
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Table 4. Results of the Mann-Kendall trend test for belg mean NDVI, LST, SSTA and RF value for Upper Awash Basin
Alpha(α)

Sen's slope

-50.0

𝜌𝜌-value(Two-tailed)
0.026

0.05

-0.008

12.0

0.626

0.05

0.047

0.150

18.0

0.450

0.05

0.029

-0.124

-13.0

0.559

0.05

-0.923

Kendall's tau

S

Mean NDVI

-0.417

Mean LST

0.100

SSTA
Mean RF

Figure 9. Spatial distribution of the belg average NDVI (2001-2016) (a), belg average RF (2001-2015) in mm (b) and belg average LST (2001-2016)
in °C (c)

3.9. Association between NDVI and Climatic
Elements

3.9.1. Association between Annual NDVI and Annual
Climatic Elements

Evaluating the associated climatic elements with NDVI
is of prime importance to understand how these determinant
factors affect the vegetation biomass. For instance, the
availability and distribution of rainfall is among the
determinant factors for plant productivity in semi-arid
regions [58]. Additionally, other factors like temperature,
evapotranspiration and soil properties can affect the
growth of dry land vegetation [59]. Precipitation and
temperature directly influence water balance, causing
changes in soil moisture regime which in turn, influences
plant growth [18].

Strong positive association between NDVI and rainfall
over different regions has been reported from earlier
studies [17,18,60,61,62]. Similarly, this study show that
the correlation between annual average NDVI and annual
mean rainfall in the Upper Awash basin was positive
(r=0.51) with a significance level alpha 0.05. [63] and [64]
also reported the existence of positive correlation between
annual NDVI and annual rainfall. They reported that rainfall
enhanced the vegetation growth. Similar to finding of this
research [65] have also claimed the positive correlations
between NDVI and RF in Northeastern Brazil and showed
the enhancement of vegetation growth by rainfall.
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Table 5. Correlation coefficients between NDVI and climatic elements and, between SST Anomalies and RF in Upper Awash Basin
NDVI vs RF
r

𝜌𝜌

NDVI vs LST
r

𝜌𝜌

NDVI vs SSTA
r

𝜌𝜌

RF vs SSTA
R

LST vs SSTA
𝜌𝜌

r

𝜌𝜌

Annual

0.51

0.05

-0.58

0.02

-0.41

0.12

-0.56

0.03

0.57

0.02

Kiremit

-0.33

0.22

0.41

0.11

0.42

0.11

-0.56

0.03

0.69

0.00

Bega

0.45

0.09

-0.50

0.05

-0.29

0.27

-0.02

0.95

0.07

0.80

Belg

0.62

0.01

-0.67

0.00

0.22

0.42

0.46

0.09

-0.27

0.31

The correlation between mean annual values of NDVI
and LST is negative (r= -0.58) with a significance level
alpha 0.05. Similar to the finding of this study, [61] have
claimed the negative correlation between NDVI and
temperature over Tibetan Plateau from 1980 to 2002. This
implies that, higher temperature causes an increased
evaporation, and consequently, a lower plant production.
In general, many studies have reported the negative
correlation between temperature and vegetation growth.
The higher LST increases plant respiration and reduce net
photosynthesis that ultimately results in reduced crop
yield. USWCL [66] showed that the temperature of the
canopy is related to plant water stress magnitude. This
relation is based on the mechanism, by which plants
transpire water in order to cool their leaves. When there is
no enough water, transpiration is reduced and leaf
temperature is increased. Hence moderate negative
correlation between mean annual NDVI and annual
average LST indicated that the degree of relation between
NDVI and LST is an inverse one. The study has also
indicated that LST constrains vegetation growth.
The association between annual values of NDVI and
SST Anomalies across the Upper Awash Basin is low
negative (r = -0.41) with a significant value of alpha 0.05.
Similar magnitude of negative correlation was also
reported by [67] between NDVI and Niño 3 SST
Anomalies over east and southern Africa. These results
show the negative impact of ENSO on vegetation growth.
During La Niña years, the amount of mean annual NDVI
was higher than El Niño years. That is, the mean annual
value of NDVI during La Niña (0.41 in 2008 and 0.41 in
2011) is higher than its mean annual value (0.40 in 2002
and 0.39 in 2015) during El Niño years.
3.9.2. Association between Seasonal NDVI
and Seasonal Climatic Elements
The strong positive correlations between NDVI
and rainfall (r=0.62) in belg season indicates that the
availability of rainfall is one of the major factors that
determine the density of vegetation (Table 5). However,
low positive correlation (r=0.45) was obtained for bega
season. Low negative correlation (r = -0.33) was also
attained in kiremit season. The negative correlation
between rainfall and NDVI in kiremit season could be due
to signal saturation above certain biomass values, to a
deficit of solar radiation used for the photosynthesis
because of cloud [68,69]. Some scholars have shown that
the large amount of rainfall increases the amount of clouds,
which reduces the solar radiation and decreases the
temperature [70,71]. Additionally, due to heavy rains that
manifest the higher rates of run-off, particularly when soil
is moist [64]. Thus, in the Upper Awash basin, increased
precipitation during kiremit season can lead to increase

cloud cover, which inhibits vegetation growth to some
extent. The correlation between NDVI and RF in belg
season is higher than kiremit and bega season. This
indicated that the contribution of RF in vegetation
coverage increment is higher in belg season than kiremit
and bega seasons.
The correlation between NDVI and LST was positive
(r=0.414) in kiremit, and negative in bega and belg
corresponding to (r = -0.50) and (r= -0.67), respectively in
the Upper Awash Basin. However, climate-vegetation
relationship is complex with nonlinear characteristics.
Specifically, before the optimum temperature for
photosynthesis, a temperature rise will enhance vegetation
growth by an accelerated release of nutrients and
improved availability from the soil [72]. Similar results
were observed, in the Upper Awash Basin during kiremit
season. When temperature significantly increases, however,
the respiration will be increased and accelerated the
nutrients consumption, especially in the effect regions of
negative temperature-vegetation relationship [72] and this
observed in the bega and belg season for the case of Upper
Awash Basin. The correlation between NDVI and LST in
belg season is higher than kiremit and bega season. This
indicates that the influence of LST on vegetation coverage
is higher in belg season than kiremit and bega season.
The correlation between seasonal NDVI and Niño 3.4
SST Anomalies was negative in bega (r = - 0.29) and positive
in kiremit and belg accounting for (r = 0.42) and (r=0.22)
correlation coefficients, respectively (Table 5). In belg (short
rainy season and kiremit (main rainy season) SST Anomalies
have positive correlation with NDVI, but the contribution
of SST Anomalies on NDVI was higher in the main rainy
season than the short rainy season in Upper Awash Basin.
On the contrary, in dry season (bega) Niño 3.4 SSTA and
NDVI has negative correlation, but the contribution is not
substantial. Similar to the findings of this study, [73] have
claimed positive correlation between ENSO (Niño 3.4
SSTA) and NDVI in belg season over northwestern Africa.
The amount of mean belg NDVI was higher during El
Niño than La Niña. The mean belg NDVI (0.26 in 2008
and 0.29 in 2011) during La Niña was less than mean belg
NDVI (0.32 in 2002 and 37.13 in 2015) corresponding to
El Niño years. Similarly, the amount of mean kiremit
NDVI was almost higher during El Niño than La Niña.
The mean kiremit NDVI (0.61 in 2008 and 0.63.99 in
2011) during La Niña was less than mean kiremit NDVI
(0.64 in 2002 and 0.65 in 2015) of El Niño years. In
contrast, during La Niña years the amount of mean bega
NDVI was higher than El Niño years. The mean bega
NDVI (0.41 in 2008 and 0.41 in 2011) determined during
the La Niña was higher than the corresponding values of
mean bega NDVI (0.38 in 2002 and 0.39 in 2015)
obtained for the El Niño period.
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On the other hand, the correlation between mean annual
values of rainfall and SST Anomalies was generally
negative (r = -0.56). Similarly, the correlation between
mean values of rainfall and SST Anomalies was generally
negative in kiremit (r = -0.56) and bega (r= -0.02) and
positive in belg(r=0.46) (Table 5). Similar to the findings
of current study, an empirical study undertaken by [17]
reported that SST Anomalies increases the amount of
rainfall in belg season. Other similar study made by [54]
showed that the correlation between SST Anomalies and
RF was negative and positive in kiremit and belg seasons,
respectively in Upper Awash Basin. This study shows
positive contribution of SST Anomalies in belg season is
higher than kiremit and bega seasons. Whereas, SST
Anomalies and rainfall has moderate negative correlation
in kiremit season. The results of this study indicate that
SST Anomalies adversely affects rainfall distribution in
kiremit season than bega and belg seasons. As described
by [74] the amount of rainfall in La Niña years was higher
than El Niño years. Similar result was obtained in this
study, and the amount of mean annual rainfall was higher
in La Niña years (85.28mm in 2008 and 77.56mm in 2011)
than El Niño years (66.24mm in 2002 and 72.21mm in
2015). During La Niña years, the amount of mean rainfall
in kiremit season was also higher than El Niño years.
Mean kiremit rainfall (197.84mm in 2008 and 175.09mm
in 2011) during La Niña was higher than mean kiremit
rainfall (145.50mm in 2002 and 162.99mm in 2015) in El
Niño years. On the contrary, the amount of mean belg
rainfall was higher in El Niño than La Niña years. Mean
belg rainfall (33.69mm in 2008 and 43.18mm in 2011) in
La Niña years was less than mean belg rainfall (39.23mm
in 2002 and 48.67mm in 2015) during El Niño years.
Similar, finding was reported by [17] in Gojjam, Ethiopia.

4. Conclusion
Quantifying the spatio-temporal pattern of vegetation
dynamics and climatic variables at the regional scale is
critical to provide a theoretical basis for evaluating the
interaction between climate variability and vegetation
dynamics. There is spatio-temporal variation of vegetation
cover as a consequence of main climatic elements
variability (RF and LST) and SST Anomalies in the study
area. The Mann-Kendall trend test shows that there is no
significant trend in the annual and seasonal NDVI, LST,
SST Anomalies and rainfall variability over the basin
during the period 2001 to 2016, except NDVI values in
belg season. The contribution of RF in vegetation
coverage enhancement is higher in belg season than
kiremit and bega seasons. The negative impact of LST on
vegetation coverage is also higher in belg season than
kiremit and bega season. The amount of vegetation
coverage and rainfall were higher during El Niño episode
than La Niña episode in belg season. Similarly the amount
of vegetation coverage in kiremit season was almost
higher during El Niño years than La Niña years. On the
other hand during La Niña years, the amount of rainfall in
kiremit season was higher than El Niño years in the study
area. As a concluding remark two issues has been
recommended. El Nino episode increases the amount of
rainfall in belg season. It is advisable for farmers to sow

belg crops during El Nino episode. It will be good to
integrate population dataset for in depth analysis of the
role of population dynamics and pressure as drivers of
vegetation changes indicated by the NDVI.
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