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Abstract: Evapotranspiration (ET) is crucial to the management of water supplies and the functioning
of numerous terrestrial ecosystems. To understand and propose planning strategies for water-resource
and crop management, it is critical to examine the geo-temporal patterns of ET in drought-prone areas
such as the Upper Orange River Basin (UORB) in South Africa. While information on ET changes is
computed from directly observed parameters, capturing it through remote sensing is inexpensive,
consistent, and feasible at different space–time scales. Here, we employed the Moderate Resolution
Imaging Spectroradiometer (MODIS)-derived spectral indices within Google Earth Engine (GEE) to
analyze and characterize patterns of ET over the UORB from 2003 to 2021, in association with various
climatic parameters. Our results show spatially consistent ET patterns with the Vegetation Condition
Index (VCI), with lower values in the west, increasing toward the eastern section of the basin, over
the Lesotho highlands. We noted that the UORB faced significant variability in ET and VCI during
pronounced drought episodes. The random forests (RF) model identified precipitation, temperature,
Standardized Precipitation Index (SPI)-6, Palmer Drought Severity Index (PDSI), and VCI as variables
of high importance for ET variability, while the wavelet analysis confirmed the coherence connectivity
between these variables with periodicities ranging from eight to 32 months, suggesting a strong
causal influence on ET, except for PDSI, that showed an erratic relationship. Based on the sequential
Mann–Kendall test, we concluded that evapotranspiration has exhibited a statistically downward
trend since 2011, which was particularly pronounced during the dry periods in 2015–2016, 2019, and
2021. Our study also confirmed the high capacity of the GEE and MODIS-derived indices in mapping
consistent geo-temporal ET patterns.

Keywords: evapotranspiration; VCI; MODIS; random forests; wavelet transform; Upper Orange
River Basin; SSEBop; Google Earth Engine; South Africa; Lesotho

1. Introduction

Terrestrial evapotranspiration (ET) is a key water-balance mechanism involving hy-
drological and energy cycles, resulting in the combined loss of surface water, soil moisture
and plant water from the terrestrial landscape to the atmosphere [1,2]. ET plays a key
role in controlling plant functions, climate behavior, and water management in soil-plant-
atmosphere interactions [3]. ET is influenced by climatic conditions, landscape, vegetation
type, soil properties and land-use management practices, making it a complex and highly
variable parameter across spatial and temporal scales [4]. This is arguably one of the least
understood surface water–atmosphere interactions, as it is difficult to measure [5], particu-
larly in semi-dry to dry regions where much of the low and erratic rainfall is returned to the
atmosphere via ET [6]. The difficulty in measuring ET partly lies in its invisibility compared
to other directly quantifiable elements of the water cycle such as precipitation and runoff [7].
This is a serious concern, as Norman et al. [8] predicted a rise in the regularity, magnitude,
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and impact of droughts, even in areas that are rarely affected by droughts. For this reason,
the accurate quantification of ET is a strategic constituent for agricultural monitoring and
prediction, hydrological practices such as water-management planning, and supply and
drought forecasting [9,10]. Nevertheless, this exercise necessitates a cost-effective and
replicable method to monitor and inform water allocation in drought-sensitive regions.

While the estimation of ET is direct, using meteorological station and field data, it
is difficult to determine its geospatial distribution over broader geographic scales [11].
Ground measurements are unavailable in some regions of the world and pose a challenge
to monitoring ET accurately and continuously. To meet the need for place-based measure-
ments, remote-sensing approaches, with their synoptic and consistent sampling capabilities,
offer a flexible, practical, and unique way to retrieve space–time ET information [12] even
from unreachable areas [13]. However, cloud cover in some regions poses a challenge in
obtaining usable satellite data. Many of these methods were developed over the past three
decades with some based on surface energy balance (SEB) [11]. These methods leverage
thermal remote-sensing products and have been successful in mapping ET in heteroge-
neous landscapes with finer ground resolution [14]. Many aspects, including the type of
application, image-resolution properties, remotely sensed and meteorological inputs, and
the anticipated model’s merits and caveats [15], influence the choice of each method. In
this study, we adopted the operational Simplified Surface Energy Balance (SSEBop; [16])
model freely accessible in the Google Earth Engine (GEE) cloud-based toolbox. While most
remotely sensed datasets are freely accessible, some users encounter challenges related to
computing resources, data storage, and geospatial software to process big data [17].

With the policy of remote-sensing open data along with the proliferation of satellite
products, advances in computing technology, innovative systems have been developed to
meet increasing application demands for storing, managing, processing, and analyzing
earth observation data [18]. One such asset is the Google Earth Engine (GEE). We refer
readers to Senay et al. [19], who implemented and assessed the SSEBop method over the
United States on the GEE environment. They [19] found that the SSEBop method effectively
described spatial ET variability by up to 90% in broader watersheds, although it had some
limitations in broad hydroclimatic regions and required place-specific refinement of the
model input variables. Recently, Ejaz et al. [20] integrated the Standardized Precipitation
Evapotranspiration Index (SPEI) and the Vegetation Condition Index (VCI) for drought
monitoring into the GEE and found that the SPEI correlates better with drought indices and
is suitable for drought monitoring in the data-poor drier regions. These studies demonstrate
the value and applicability of the GEE for monitoring land–water interactions around the
world, even in under-studied regions.

The variations in ET have serious implications on water regimes, vegetation growth,
and the ensuing regional climate patterns, especially in arid and semiarid regions [21].
The Orange River Basin (ORB) in South Africa is no exception to this effect, due to its
high vulnerability to droughts, water stress and flooding, despite its contribution to the
country’s economy, supplying water for irrigation and hydroelectric power [22]. More
recently, Chisanga et al. [23] projected a temperature increase in the ORB. The country is
naturally prone to drought and has been hit by a series of these sinister events over the last
forty years [24]; the most extreme include those of 1982–1984, 1991–1992, 1994–1995, 2004–
2005, 2008–2009, 2015–2016, and the 2018–2020 [25,26]. In similar regions (e.g., Yellow River
Basin in China [21], Upper Rio Grande Basin in the USA [27]) concerted research efforts
are being dedicated to understanding changes in ET and their attributions to climate and
vegetation variability using remote-sensing products and land-surface models. However,
the ORB region has received less research attention and the ET distribution is unknown,
and this study addresses this limitation using open access remotely sensed data.

Here, we analyzed the time–space variability of the ET over the Upper Orange River
Basin from 2003 to 2021 using the MODIS-derived ET products. We also analyzed patterns
of the vegetation condition index (VCI) as well as climatic parameters in the corresponding
period to establish causal influences. Our results are expected to provide insights to support
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water-management planning and ecological protection in the Upper Orange River Basin.
The study period experienced a variety of climatic conditions, and the UORB presents an
ideal experimental site for analyzing ET variations.

2. Materials and Methods
2.1. Study Area

We selected the Upper Orange Water Management Agency (UOWMA) covering almost
103,671 km2, as a case study to determine geo-temporal patterns of evapotranspiration
between 2003 and 2021. The UOWMA is part of the Orange River Basin (ORB) shared by
South Africa and Lesotho [28], the wider location of which is shown in Figure 1. The basin
is drained by the Orange River, also known as the Senqu River in Lesotho, which is one of
the largest rivers in southern Africa [29]. It rises in the Lesotho Highlands with an average
flow of 4.73 km3 year−1 to South Africa and stretches more than 2300 km west into the
Atlantic Ocean [23].
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2.2. Satellite and Climate Data

To understand the evapotranspiration patterns, we the used the El Niño–Southern
Oscillation (ENSO), a major inter-annual climate mechanism, which largely enhances pre-
cipitation and temperature conditions over southern Africa [30]. We followed several
previous studies that have linked ENSO signals with evapotranspiration patterns. We ob-
tained ENSO measured by the Niño3.4 index; a monthly averaged sea surface temperature
(SST) anomalies over the tropical Pacific Ocean (5◦ N–5◦ S longitude; 120◦ W–170◦ W lati-
tude) from the National Oceanic and Atmospheric Administration (NOAA) online portal
(https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/, Washington, DC, USA; ac-
cessed 12 August 2022). We also used the dipole mode index (DMI) as a measure of climatic
conditions [31]; computed by differencing the SST anomalies in the western (50◦ E–70◦ E;
10◦ S–10◦ N) and eastern (90◦ E–110◦ E; 10◦ S–0◦ N) over the Indian Ocean conditions [31].
We obtained DMI data from the Japan Agency for Marine-Earth Science and Technology
(JAMSTEC) portal (http://www.jamstec.go.jp/frcgc/research/d1/iod/iod/dipole_mode_
index.html; accessed 12 August 2022).

We further obtained the Moderate Resolution Imaging Spectroradiometer (MODIS)-
derived operational Simplified Surface Energy Balance (SSEBop; [16]) product free from
the Climate Engine Application (https://climateengine.com/research-app/; accessed 27
May 2022) to reconstruct ET patterns over the study area. This product provides monthly
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ET estimates from 2000 to present with a ground resolution of 1 km, and is based on the
Simplified Surface Energy Balance (SSEB) methodology [16] with a distinctive parameteri-
zation for operative use. We also used the MOD16A2.006: Terra Net Evapotranspiration
8-Day Global data product within the GEE to generate annual composites of ET over the
study period. We then extracted a 4 km Potential Water Deficit (PWD), temperature and
soil moisture monthly data from the TerraClimate dataset that is publicly available from
the Climate Engine Application.

We employed the Climate Hazards Group Infrared Precipitation with Station data
(CHIRPS) developed by the United States Geological Survey (USGS), a unique global
precipitation data combination of 5000 m resolution satellite product and in situ station
data, to produce gridded near real-time precipitation time series (since 1981) that have been
publicly available since 2014 [32]. We selected this high-resolution data based on Katsanos
et al. [33], who found a good agreement between CHIRPS and rain gauges compared to
TRMM estimates that tend to overestimate precipitation. Also, we build on the successful
application of CHIRPS to derive the Standardized Precipitation Index (SPI; [34]) for ET
mapping by Gao et al. [35]. SPI is an index of precipitation anomalies, which is calculated by
transforming the accumulated precipitation from its original distribution (usually gamma
or Pearson Type III) to the normal distribution with zero mean and unit standard deviation.
The index is typically computed based on aggregated precipitation data over different
time periods, commonly at 3, 6, and 12 months (See Guenang and Kamga [36] for more
details). Here, we computed SPI-6 and SPI-12, as these are widely used to characterize
precipitation anomalies.

Lastly, we used the MODIS-derived 250 m resolution (MOD13Q1 version 6) vegetation
product collection with a 16-day revisit cycle from the Google Earth Engine (GEE) to calcu-
late monthly vegetation condition index (VCI) composites. The analysis-ready vegetation
product MOD13Q1 is derived from the atmospherically corrected bi-directional surface
reflectance masked for water, clouds, heavy aerosols, and cloud shadows. We calculated
the VCI using the ratio of the NDVI, and its minimum and maximum values as shown in
Equation (1).

VCI = 100 ∗ NDVI −NDVImin

NDVImax −NDVImin
(1)

In this sense, the VCI proves to be a better indicator for monitoring water stress than
the NDVI, since it normalizes the NDVI and separates the long-term ecological signal
from the short-term environmental signal [37]. The VCI values range between 0 and 100%,
with minimum values representing very unfavorable vegetation conditions and maximum
values representing healthy vegetation.

2.3. Methods
2.3.1. Pearson Correlation

We performed Pearson correlation (r) analysis in R environment to establish the
relationship between evapotranspiration and various climate variables. This is a normalized
measure of covariance, and so, its value always ranges from −1 to 1, where −1 denotes
a strong negative linear correlation and 1 denotes a strong positive linear correlation [38].
When r = 0, there is no linear correlation between the two variables.

2.3.2. Variable Contribution

Random forests (RF; [39]) is the most popular ensemble learning method for classifica-
tion and regression that combines the results of multiple decision trees with exceptional
tolerance for outliers and noise [39]. RF measures the decrease in node impurities with
the Gini index to determine which variable contributes to node homogeneity. Following
Wu et al. [40], we ranked the importance of climate variables to evapotranspiration using
RF. Often, important variables would be included in node creation, resulting in significant
decreases in node impurities [41]. We used the decrease in node impurities measured by
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the Gini index for this purpose. The variable with the highest Gini index was considered
the most important compared to the other input variables.

2.3.3. Multiple Linear Regression (MLR)

We applied MLR, a widely used statistical technique to model the linear relationship
between the independent variables and one dependent variable as an extension of ordinary
least squares regression because it includes more than one explanatory variable [42]. In our
case, the independent variables are precipitation, temperature, soil moisture, VCI, SPI-6,
SPI-12, Niño, DMI and PWD while the dependent variable is ET. An advantage of this
method is the easy interpretation of the coefficients, which are generated in the model
with low computational effort, in comparison to more complex techniques, such as energy
balance methods and artificial intelligence algorithms. The MLR model is calculated as:

yi = β0 + β1xi2 + · · ·+ βpxip + εi (2)

where yi is the dependent variable is ET, xip represents the independent variables, β0 is the
intercept, and β1, β2, . . . βp are the coefficients of the x terms. The term εi represents the
error term, which the model always attempts to reduce.

2.3.4. Sequential Mann–Kendall (SQ-MK)

We used Sequential Mann–Kendall (SQ-MK), a variant of the Mann–Kendall trend
method proposed by Sneyers [43], to detect approximate potential trend turning points
in long-term time series. SQ-MK generates two time series, one forward/progressive
(u(t)) and one backward/retrograde (u′(t)). To use the effectiveness of this trend-detection
method, both the progressive and retrograde time series must be plotted in the same figure.
When they cross and diverge beyond a certain threshold (±1.96 in our case), a statistically
significant trend is present. The area in which they cross indicates the period in which the
trend change point begins [44]. Essentially, this method is calculated by using the ranked
values of yi of a given time series (x1, x2, x3, . . . , xn) in the analyses. The magnitudes of
yi, (i = 1, 2, 3, . . . , n) are compared with yi, (j = 1, 2, 3, . . . , j − 1). For each comparison,
the number of cases in which yi > yj are counted and then donated to ni. The statistic ti is
then defined by the following equation:

ti =
i

∑
j=1

ni (3)

the mean and variance of the statistic ti are given by:

E(ti) =
i(i− 1)

4
(4)

and

Var(ti) =
i(i− 1)(2i− 5)

72
(5)

finally, the sequential values of statistic u(ti) which are standardized and calculated using
the following equation:

u(ti) =
ti − E(ti)√

Var(ti)
(6)

This equation yields a forward sequential statistic, commonly referred to as a progres-
sive statistic. To compute the backward/retrograde statistic values (u′(ti)), the same time
series (x1, x2, x3, . . . , xn) is used, but the statistics values are calculated by starting from the
end of the time series. The combination of the forward and backward sequential statistics
allows for the detection of the approximate beginning of a developing trend. In addition,
we used a 95% confidence level here, which means that the critical cutoffs are ±1.96. This
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method has been used successfully in studies to detect trends in temperature [45] and
precipitation [46].

2.3.5. Wavelet Coherence (WTC)

In this study, the wavelet-coherence technique, a bi-variate framework which is nor-
mally used to study the teleconnection between different time series and their evolution
over time and frequency space was used [47]. This technique is designed to also show the
cross-wavelet spectrum regions with high spectral power, and it reveals information about
the phase relationship between the two independent time series. To extract the wavelet
coherence, the first step is to perform the continuous wavelet transforms (CWT) of the
given time series, which when done transforms the time domain to frequency space. In
general, there are several types of wavelets, in which the choice of the wavelet function is
determined by the data series, where for geophysical data, the Morlet wavelet function has
been shown to perform much better than others [47–49]. Thus, the CWT [Wn(s)] for a given
time series (xn, n = 1, 2, 3, . . . , N) with respect to wavelet Ψ0 (η) is defined as:

WX
n (s) =

n−1

∑
n′−1

Xn′Ψ
∗
[
(n′ − n)

s
δt
]

(7)

where s is the wavelet scale, n′ is the translated time index, n is the localized time index,
and Ψ* is the complex conjugate of the normalized wavelet. δt is the uniform time step
to calculate the wavelet power, the CWT is squared such that |Wn (n)|2. Moreover, this
research opted to estimate the CWT statistical significance at a 95% confidence level against
a red noise model [47–49].

In this study, the wavelet coherence was calculated to quantify the relationship be-
tween evapotranspiration and meteorological parameters, evapotranspiration and SPI-6,
and evapotranspiration and PDSI. Following Grinsted et al. [49], for any two-time series of
X and Y, with different CWT WX

n (s) and WY
n (s) values, the cross-wavelet transform Wxy

n (s)
is given by:

WXY
n (s) = WX

n (s)WY∗
n (s) (8)

where “*” represents the complex conjugate of the Y time series. The output of the above
equation can give the wavelet coherence which is a measure of the intensity of the co-
variance of the two-time series in a time–frequency domain. The additional step in this
process which is important is to calculate the phase difference between the two-time series.
This is done by estimating the mean and confidence interval of the phase difference of the
two-time series. On interpreting the phase relationship between two time series, this study
utilized the method by Grinsted et al. [49], where a circular mean of the phase-over regions
with relatively high statistical significance that are inside the cone of influence (COI) to
quantify the phase relationship between any two independent time series was plotted.
Mathematically, the mean circulation of a set of angles (ai, i = 1, 2, 3, . . . , n) can be defined
by the following equation:

am = arg(X, Y) with X =
n

∑
i=1

cos(ai) and Y =
n

∑
i=1

sin(ai) (9)

and the wavelet coherence between two independent time series, as defined by Grinsted [49]
can be calculated using the following equation:

R2
n(s) =

∣∣S(s−1WXY
n (s)

)∣∣2
S
(

s−1|WX
n (s)|2

)
× S

(
s−1|WY

n (s)|
2
) (10)

where the parameter S is the smoothing operator defined by S(Wn(s)) = Sscale(Stime(Wn(s))).
The parameter Stime represents the smoothing in time. More details about the theory of
wavelet analyses can be found in these following studies [47–49].
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3. Results

Our immediate interest in this work was to characterize the time–space variability
of evapotranspiration and the drought mechanism as a potential forcing, followed by the
relationship of various parameters and their importance in evapotranspiration, before
performing a wavelet analysis of evapotranspiration with the most influential variable.

3.1. Characteristics of Drought over South Africa

The El Niño–Southern Oscillation (ENSO) is a widely used index to describe the key
elements of climate variability. In southern Africa, precipitation variability is closely linked
with land-temperature extremes, with rather drier drought conditions prevailing during
the strong El Niño phase [50]. A series of El Niño-driven droughts has been typical in
South Africa over the study period, the most pronounced being in 2004–2005, 2008–2009,
2015–2016 and the most recent in 2018–2020 [25,26]. Numerous studies (e.g., Meza [51],
Yan et al. [52]) have shown that ENSO can cause variations in the water balance, and thus
in evapotranspiration. In Maipo River basin in Chile, Meza [51] found ENSO resemblance
on evapotranspiration patterns as well as on water demands.

We also reconstructed SPI-6 and SPI-12 as an independent index for characterizing
drought events, and the results are shown in Figure 2. SPI-12 appears to have an ENSO-like
configuration, while SPI-6 is much more variable (see Figure 2 and the Supplementary
Materials), confirming the sensitivity of SPI-12 to the ENSO signal. While this distinction
is clear from a graphical perspective, the correlations of these variables are elaborated
in Section 3.3 and their relationship to evapotranspiration is quantified. The response of
SPI-12 to the ENSO signal abnormal wetness and mild to strong positive ENSO signal
indicate that this index could be used to characterize drought over the study area.
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3.2. Temporal Characteristics of ET, Precipitation and VCI

The time variation of ET, precipitation and VCI from 2003 to 2021 over the Upper
Orange River Basin is shown in Figure 3. In general, our results show remarkably large
temporal variability of evapotranspiration, with a spiky seasonal tendency; an overall
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configuration almost like ENSO signals and SPI-12 (Figure 2). This pattern is also well
coincident with precipitation and VCI (Figure 3), showing a broader wave-like structure.
The period 2003 had lower ET and VCI values (possibly affected by the mild-drought event)
that improved toward 2006, and dropped until 2011, where they reached a peak, after which
a decrease is noticeable, reaching the lowest points during the 2015–2016, and improvement
is notable until 2021. These results are consistent with extreme drought events over the
studied period. In a similar work, Senay et al. [53] found that the dry years had a lower
evaporation while the wet years had high, and reaffirmed the reliability of the SSEBop
evapotranspiration for drought monitoring. These conditions typically prevail through
the mature El Niño phase when the SSTs are warmer than normal [54]. The strength of El
Niño phase in the semi to dry parts of southern Africa enhance drier conditions that affect
vegetation health [30]. Our results showed that ET and ENSO exhibited consistent cycles
over the study period.

Water 2023, 15, x FOR PEER REVIEW 8 of 18 
 

 

3.2. Temporal Characteristics of ET, Precipitation and VCI 
The time variation of ET, precipitation and VCI from 2003 to 2021 over the Upper 

Orange River Basin is shown in Figure 3. In general, our results show remarkably large 
temporal variability of evapotranspiration, with a spiky seasonal tendency; an overall con-
figuration almost like ENSO signals and SPI-12 (Figure 2). This pattern is also well coinci-
dent with precipitation and VCI (Figure 3), showing a broader wave-like structure. The 
period 2003 had lower ET and VCI values (possibly affected by the mild-drought event) 
that improved toward 2006, and dropped until 2011, where they reached a peak, after 
which a decrease is noticeable, reaching the lowest points during the 2015–2016, and im-
provement is notable until 2021. These results are consistent with extreme drought events 
over the studied period. In a similar work, Senay et al. [53] found that the dry years had a 
lower evaporation while the wet years had high, and reaffirmed the reliability of the 
SSEBop evapotranspiration for drought monitoring. These conditions typically prevail 
through the mature El Niño phase when the SSTs are warmer than normal [54]. The 
strength of El Niño phase in the semi to dry parts of southern Africa enhance drier condi-
tions that affect vegetation health [30]. Our results showed that ET and ENSO exhibited 
consistent cycles over the study period.  

 
Figure 3. Temporal pattern of mean monthly evapotranspiration (top panel), precipitation (middle 
panel) and the VCI (bottom panel) over the Upper Orange River Basin from 2003 to 2021. 

  

Figure 3. Temporal pattern of mean monthly evapotranspiration (top panel), precipitation (middle
panel) and the VCI (bottom panel) over the Upper Orange River Basin from 2003 to 2021.

3.3. Spatial Characteristics of ET and VCI over the UORB

The geo-temporal patterns of ET and VCI over the UORB are shown in Figures 4 and 5,
respectively. As shown in these figures, there are obvious similarities between the ET and
the VCI configurations. The western section of the UORMA appears to have generally
lower ET and VCI values, while the eastern section over the highlands of Lesotho has
greater ET values and better vegetation conditions. We observed the spread of better VCI
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conditions across the UORMA in 2007, 2012, 2014, and 2021 (Figure 5), accompanied by
higher rainfall in 2006–2007, 2011–2012 and 2021 (Figure 3), which probably even spread to
drier sections of the study area. However, the pattern of change in VCI values is different
in other years with increased precipitation, and it is still unclear whether other factors are
influencing VCI values. Our results seem to suggest that the spatial characteristics of VCI
were affected by drier drought conditions, and low VCI values during marked drought
events. For example, the drier period of 2003–2005 shows strong browning from east to
west of the study area, although this pattern consolidated in the western central in 2006—
suggesting a spillover effect. Notably, our results showed the lowest overall VCI values
in 2015, covering almost the whole study area, corresponded with the strongest drought
event over the study period and resulted in what is probably the hottest year on record.
Similarly, we observed reduced evapotranspiration over Lesotho in the eastern part of the
UORB in 2003, 2015 and 2019 and 2020, while 2006 showed the highest evapotranspiration
exceeding 120 kg/m2/8day.

Given these results, the question remains of how the evapotranspiration tendency
associates with the selected climate variables and the vegetation condition index. The next
section is devoted to answering these questions through correlation and multiple linear
regression analysis.
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3.4. Correlation Analysis between Various Parameters

As it is known that some parameters are more closely related than others, we per-
formed the Pearson correlation analysis to establish these associations, as shown in Figure 5.
In so doing, we found precipitation to have a strong correlation (r = 0.88) with evapotran-
spiration, followed by temperature (r = 0.73) and the VCI (r = 0.54). Of interest also are
the strong correlations of VCI with SPI-6 (r = 0.72) as well as with precipitation (r = 0.64)
(Figure 6). We also note stronger correlation between SPI-12 and PDSI (r = 0.6) and soil
moisture (r = 0.46). On the other hand, we found evapotranspiration to negatively correlate
with Niño signal (r = −0.23) and so was temperature with PWD (r = −0.36).

Next, we tested the strength of the multiple linear regression (MLR) between evapo-
transpiration (ET) and various climate variables and the VCI, and the findings are summa-
rized in Table 1. In this table, parameters with significant influence on the ET time series
are indicated with an asterisk. The more asterisks, the stronger this significance. Based
on the p-value statistic, our results showed that temperature, precipitation, and SPI-6 had
a significant relationship with ET, with p-values of 1.76 × 10−7, 2.25 × 10−5, 0.000183,
respectively. This is followed by the VCI (p-values = 0.002923), PDSI (p-values = 0.001561),
and to lesser degree with SPI-12 (p-values = 0.015813). Our results showed no significant
relationship with evapotranspiration with Niño, DMI, PWD, SM (Table 1). While this may
seem less likely, there is no way to rule out the possibility of such converse relationships
based on this observed correlation. A detailed analysis of teleconnections in weather and
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climate data and their relative contribution to regional anomalies can be found in a study
by Kretschmer et al. [55].
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Table 1. Multiple Linear Regression (MLR), where Evapotranspiration is a dependent variable and
Niño, DMI, PWD, PDSI, soil moisture, VCI, precipitation, SPI-6, and SPI-12 and temperature are
independent variables.

Variable Estimate Std. Error t-Value p-Value Significance

Niño 0.0108229 0.0522778 0.207 0.836184
DMI −0.2653161 0.1432571 −1.852 0.065380
PWD −0.0006147 0.0025689 −0.239 0.811112
PDSI 0.0909938 0.0284022 3.204 0.001561 **
SM 0.0142855 0.0261054 0.547 0.584787
VCI 0.0135599 0.0045051 3.010 0.002923 **
Precip 0.0124721 0.0028787 4.333 2.25 × 10−5 ***
SPI-6 −0.2950571 0.0775004 −3.807 0.000183 ***
SPI-12 0.1270774 0.0522455 2.432 0.015813 *
Temp 0.1141234 0.0211420 5.398 1.76 × 10−7 ***

Note: Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1.

3.5. Variable Contribution to ET

As is standard in several similar studies, we further evaluated the importance of
various parameters (precipitation, temperature, soil moisture, VCI, SPI-6, SPI-12, Niño,
DMI and PWD) to evapotranspiration based on the RF variable importance model; the
result is shown in Figure 7. As expected, precipitation is the most important feature of the
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ET, followed by temperature, SPI-6, PDSI and VCI. It is noteworthy that all these parameters
are key to characterizing drought and evapotranspiration patterns.
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It is essential to also investigate the teleconnection between different time series
and their evolution over a continuous time and frequency. In this study, the bi-variate
framework method called the wavelet transform coherence (WTC) technique was used
to determine the time-frequency teleconnection between evapotranspiration and climate
variables which are defined as the most important variables in Figure 7, such as temperature,
precipitation, SPI-6, and PDSI, from 2003 to 2021 (see Figure 8). Basically, the visualization
appearance of the WTC analysis results is a three-dimensional figure that has time on the
horizontal axis, period in the vertical axis, and wavelet coherence power in the z-axis. For
each wavelet power position in the figure, a wavelet cross-coherence phase is overlaid,
and indicated by black arrows. In the plot, regions which are indicated by warmer colors
(red) represent time-frequency regions with significant interrelations between the two-time
series, while colder colors (blue) represent time-frequency regions where there are no
interrelations between the two-time series. The black arrows which are overlaid on top of
the cross-wavelet power spectra represent regions where there is a leading/lagging phase
relationship between the two examined times series. Arrows that point to the right (left)
represent time-frequency regions when the two-time series are in-phase (out-of-phase), and
a zero-phase difference indicate time-frequency regions where the two-time series move
together on a particular scale. Regions where the two-time series are in-phase indicate
that they move in the same direction and the opposite is true for the out-of-phase scenario.
On the other hand, regions where arrows point to the right-down or left-up indicate that
the first variable (which is evapotranspiration in this research) is leading, while arrows
pointing to the right-up or left-down indicate that the second variable is leading. The
summary interpretation of the phase relationship between two independent time series is
shown in Figure 8e.
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Figure 8a–d shows the wavelet transform coherence spectra for evapotranspiration- air
temperature, evapotranspiration-precipitation, evapotranspiration-SPI-6 and
evapotranspiration-PDSI. Regarding the wavelet coherence results, Figure 8a–c indicates
that there is a strong coherence between evapotranspiration and rainfall, evapotranspira-
tion and temperature, and evapotranspiration and SPI-6 in 8–28 month, 8–32 month, and
8–32 month band, respectively. This indicates common periodicities between evapotranspi-
ration and other parameters in the above-mentioned frequency bands throughout the years.
In these frequency bands (see Figure 8a–c), there is a strong in-phase correlation relationship
between evapotranspiration and the other parameters. This in-phase relationship means
that there is a strong teleconnection between evapotranspiration and these parameters. In
shorter period bands which are less than eight months, there are periodic coherent regions
which are mostly in-phase for evapotranspiration-precipitation and evapotranspiration-
SPI-6, and out-of-phase for evapotranspiration–air temperature. On the other hand, the
evapotranspiration-PDSI wavelet coherence analysis results (Figure 8d) seem to indicate
periodic in-phase coherent events in the cone of influence region.

3.6. Sequential Mann–Kendall (SQ-MK)

In Figure 9, we show the SQ-MK test results for the UOWMA monthly mean evapo-
transpiration data (2003–2021), where the solid red line represents the sequential statistic
values of forward/progressive (Prog) u(t) and the black solid line denotes the retrograde
(Retr) u′(t). We note a statistically downward trend from 2011, which became significant in
the 2015–2016, 2019 and 2021 periods. Overall, the SQ-MK test shows a downward trend
(Z = −0.42039) that is not statistically significant over the entire study period (p = 0.6742)
but is only significant during extreme El Niño-induced drought events.
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4. Discussion

We characterized the time–space variation in ET and examined its relationship with
various climate parameters and the vegetation conditions over the UOWMA between
2003 and 2021. Our results showed great variability of ET, with marked lower evapo-
transpiration signals during drier and warmer conditions, which are often characterized
by mild to stronger El Niño phases. Temporarily, the lowest evapotranspiration signals
were pronounced during the intense 2015–2016 drought and lately in 2019–2020 event, as
clearly confirmed by the 12-month rolling mean; spatially, they were consistent over the
western section of the UOWMA and ET reductions were notable during the aforementioned
periods in the Lesotho highlands. As expected, ET showed a similar configuration with
VCI, with lower values in the west and increased values toward the eastern section of the
basin. This extreme degree of persistence is obvious throughout the study period, with
exceptions in 2007, 2012, 2014, and 2021, where VCI values improved over much of the
basin probably because of increased precipitation. However, the pattern of change in VCI
values is different in other years with increased precipitation, and it is still unclear whether
other factors are influencing VCI values. This pattern is consistent with Moura et al. [56],
where they found evapotranspiration reductions during El Niño-induced drier periods
over the Amazon basin in Brazil. The VCI exhibited similar patterns, suggesting high
sensitivity of vegetation to climatic variability, and this should also be important to natural
ecosystems. In agreement with Esquivel-Arriaga et al. [57], the information of the ENSO
influence on climate variability at the basin level is of crucial importance, especially in
planning water strategies and management.

Our results showed that numerous climatic parameters played a key role as they are
inextricably linked to evapotranspiration tendency. As expected, precipitation showed a
strong positive correlation with evapotranspiration (r = 0.88), followed by temperature
(r = 0.73), and vegetation condition index (r = 0.54), while potential water demand was
negatively correlated with evapotranspiration. These results are in line with Liu et al. [58].
Again, we found that variables such as precipitation, temperature, SPI-6 and VCI are of great
importance in the variability of evapotranspiration. Several existing studies have also found
precipitation [59], temperature [40], SPI-6 [60], and the VCI [61] as important variables to
evapotranspiration. The wavelet transform analysis revealed obvious characteristics for
climatic variables that lead evapotranspiration with a persistent time-frequency connectiv-
ity for SPI-6 (8–30 months), precipitation (7–32 months) and temperature (8–16 months),
except PDSI with patchy relationship, but also with a lead tendency over the UOWMA.
While there is no better drought index than any other under all circumstances, some indices
are more appropriate than others for specific regional applications [62]. Finally, the SQ-MK
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test showed a change point of ET from the UOWMA in 2011, after which it decreased and
became significant in the 2015–2016, 2019, and 2021 periods. Similar to Pour et al. [63], the
SQ-MK facilitated the identification of change point in ET and highlighted the years in
which it was significant. However, the limitations of this study include the lack of field
data for comparison with remotely sensed data.

5. Conclusions

We analyzed the geo-temporal variation of ET across the UOWMA between 2003 and
2021 through a remote sensing-based synergic approach. Our results show detailed ET
information, and this is necessary for understanding water dynamics in this region. We
observed spatially consistent patterns between ET and VCI; lower values dominated in
the west, while values increased in the east over the Lesotho highlands. Precipitation had
the best Pearson correlation with evapotranspiration (r = 0.88), followed by temperature
(r = 0.73) and the VCI (r = 0.54). The RF model recognized factors regarding their relative
importance to ET, as precipitation, temperature, SPI-6, PDSI, and VCI. Also, wavelet
analysis showed the coherence connectivity between these variables with periodicities
ranging from eight to 32 months, suggesting a strong influence on ET, except for PDSI that,
surprisingly, showed an erratic relationship. Based on the sequential Mann–Kendall test,
we conclude that evapotranspiration showed a statistically downward trend from 2011,
which was particularly significant during the drier drought periods in 2015–2016, 2019,
and 2021. Further studies are needed to examine the dynamics of evapotranspiration from
various sections of the Orange River Basin and to investigate other factors affecting VCI
changes, since it varies in some years with increased precipitation.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/w15081501/s1, Figure S1: Standardized monthly Niño 3.4 anoma-
lies from 2003 to 2021, showing warm (red) and cold (blue) phases of abnormal sea surface tempera-
tures (SST) in the tropical Pacific Ocean.
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