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Abstract: The variability of meteorological parameters such as temperature and precipitation, and
climatic conditions such as intense droughts, are known to impact vegetation health over southern
Africa. Thus, understanding large-scale ocean–atmospheric phenomena like the El Niño/Southern
Oscillation (ENSO) and Indian Ocean Dipole/Dipole Mode Index (DMI) is important as these factors
drive the variability of temperature and precipitation. In this study, 16 years (2002–2017) of
Moderate Resolution Imaging Spectroradiometer (MODIS) Terra/Aqua 16-day normalized
difference vegetation index (NDVI), extracted and processed using JavaScript code editor in the
Google Earth Engine (GEE) platform in order to analyze the response pattern of the oldest
proclaimed nature reserve in Africa, the Hluhluwe-iMfolozi Park (HiP), during the study period.
The MODIS-enhanced vegetation index and burned area index were also analyzed for this period.
The area-averaged Modern Retrospective Analysis for Research Application (MERRA) model
maximum temperature and precipitation were also extracted using the JavaScript code editor in the
GEE platform. This procedure demonstrated a strong reversal of both the NDVI and Enhanced
Vegetation Index (EVI), leading to signs of a sudden increase of burned areas (strong BAI) during
the strongest El Niño period. Both the Theilsen method and the Mann–Kendall test showed no
significant greening or browning trends over the whole time series, although the annual Mann–
Kendall test, in 2003 and 2014–2015, indicated significant browning trends due to the most recent
strongest El Niño. Moreover, a multi-linear regression model seems to indicate a significant
influence of both ENSO activity and precipitation. Our results indicate that the recent 2014–2016
drought altered the vegetation condition in the HiP. We conclude that it is vital to exploit freely
available GEE resources to develop drought monitoring vegetation systems, and to integrate climate
information for analyzing its influence on protected areas, especially in data-poor counties.
Keywords: Drought; NDVI; ENSO; Wavelet; Time Series Analysis; Hluhluwe-iMfolozi Park;
Google Earth Engine

1. Introduction
Vegetation within protected areas such as game reserves provides wildlife and society with
indispensable ecosystem goods and services [1] including food, medicinal resources, aesthetic value,
and recreational opportunities [2]. However, inappropriate management and other disturbances
affect the potential productivity and spatial extent of this resource [3]. Thus, any factor that poses a
threat to vegetation and its associated benefits which could affect their productivity in the protected
areas needs to be identified and monitored. One such threat is increase in temperature above normal
as well as a prolonged decline in precipitation and soil moisture, leading to extreme climatic events
such as droughts, which severely affect vegetation productivity [4]. Drought-related impacts are
becoming more multifaceted, as explained by their rapidly growing consequences in sectors such as
recreation and tourism, agriculture, and energy [5].
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The influence of drought on vegetation varies in spatial and temporal scales, and these are
projected to increase with climate change [6, 7]. This behavior affects wildlife, particularly in semiarid and arid environments where herbivory is strongly restricted by vegetation extent and water
availability [8]. In the north-east corner of KwaZulu-Natal, South Africa, for example, droughts are
becoming a recurrent and prominent feature [9, 10], affecting vegetation, water and wildlife resources
notably in the Hluhluwe-iMfolozi Park (HiP), the oldest proclaimed game reserve in Africa, as
reported in this paper. Furthermore, these impacts have potential consequences that could
incapacitate this game reserve’s support of its specialist grazers such as rhinos [11].
Understanding the association between vegetation productivity and climatic variables such
precipitation and temperature has therefore become a high priority. To address this, spatiotemporal
tools that can integrate climate data with other information of interest are required. Remotely sensed
data provide the opportunity to monitor vegetation dynamics in a systematic manner [12]. They play
a growing role in drought detection and management as they afford up-to-date information over
various time and geographic scales and complement alternative techniques such as field surveys [4]
and interviews [13]. Remote sensing’s systematic observation allows us to track vegetation conditions
from the 1970s to the present [14] and provides the means to integrate the record with causal factors.
Several drought studies based on satellite-derived normalized difference vegetation index (NDVI)
have enhanced our understanding of how vegetation reacts to drought events over time [15-18]. The
index is the ratio of the difference between the near-infrared and red bands of the spectrum over the
sum of the near-infrared and red bands [19, 20] and is a robust indicator of vegetation condition [21].
Hitherto, numerous studies have explored vegetation changes using NDVI in response to
climatic variability. Most have shown that vegetation is largely swayed by the El Niño/Southern
Oscillation (ENSO) phenomenon and have been established to respond well to climatic variables [10,
17, 22, 23]. These studies in different climatic regions have revealed climate-induced effects in key
economic sectors such agriculture [24] and forestry [17, 25]. Most recently, Huang et al. [26] used
MODIS-derived NDVI to demonstrate how vegetation responds to climate variation in the ZiyaDaqing basins of China. Their results showed that the trends of growing season NDVI were
significant in the forest, grassland and highlands of Taihang but insignificant in most plain drylands
[23]. They also showed how grassland, as the primary vegetation on the Qinghai-Tibet Plateau, has
been increasingly influenced by water availability due to droughts over the last decade.
Several factors make the HiP an ideal site for assessing the effects of drought on wildlife. First,
Bond et al. [27] established that drought largely influences the extent of grazing vegetation in the
reserve. More recently, Xulu et al. [10] showed how the recent intense drought moderated the
vegetation health of commercial plantations located ~60 km from the park. Second, the HiP is an
important conservation area and ecotourism destination in South Africa [28], so that the resultant
socio-economic impacts of ecosystem changes are of great concern. In this study, therefore, we aim
to evaluate the influence of climatic variability on vegetation in the game reserve over the period 2002
to 2017. This is the first attempt to demonstrate the spatial dimension of the drought effects in the
HiP using satellite data. We show how to construct a MODIS-derived NDVI time series in the GEE
platform, and perform statistical tests to determine the causal influence of climatic variables in the
reserve.
2. Materials and Methods
2.1. Study Area
This study was conducted at the Hluhluwe-iMfolozi Park, which covers 900 km 2 and extends
between 28°00′S and 28°26′S, and 31°43′E and 32°09′E in northern KwaZulu-Natal, South Africa
(Figure 1). The reserve is managed by Ezemvelo KwaZulu-Natal Wildlife (EKZN Wildlife). The
landscape is undulating with altitude ranging from approximately 50 to 500 m.a.s.l and comprises a
mixture of soil types resulting from topographic and climatic heterogeneity [29]. The terrain of the
study area on the right side of Figure 1 was plotted using the Global Multi-resolution Terrain
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Elevation Data 2010 data set. The version of this data is the Breakline Emphasis, 7.5 arc-seconds, and
is archived as USGS/GMTED2010 in the Google Earth Engine (GEE) JavaScript platform.

Figure 1. Study area showing the Hluhluwe-iMfolozi Park in the north-eastern part of South Africa.

Two main rivers, the Black and White Umfolozi, pass through this region. The entire area of the
park is fenced and borders on populated rural communities. Vegetation varies from semi-deciduous
forest in the north of Hluhluwe to open savanna woodland in the southern iMfolozi. Much of the
area is dominated by woodland savanna interspersed with shrub thicket [30]. The climate is
subtropical with summer rainfall. It receives a mean annual rainfall ranging from 700 to 985 mm,
much of it occurring between October and March [31]. The park supports approximately 1200 plant
species, including 300 tree and 150 grass species.
2.2. Data
In order to investigate the variability of vegetation in the HiP in response to climatic conditions
as well as the recent intense drought of 2014–2016, we opted to use the monthly averaged MODIS
Terra/Aqua 16-day data sets measured for the period from 2002 to 2017 (16 years). With its
considerable time resolution compared to other satellites, and its spatial resolution of 500 m, MODIS
images were the most appropriate for this study because of the size of the geographic area. The
MODIS data used here are archived in the GEE as image collection. This data product is generated
from a MODIS/MCD43A4 version 6 surface reflectance composite. More details about the MCD43A4
MODIS/Terra and Aqua nadir BRDF-adjusted reflectance daily level 3 global 500 m SIN grid V006
data can be found in a study by Schaaf et al. [32]. The data were extracted and processed using the
JavaScript code editor in the GEE platform (https://earthengine.google.com/)(see Appendix A), which
provides possibilities of parallel computing and large data processing for even very large study areas.
For the purpose of this investigation, our main parameter is the NDVI, but we also considered other
vegetation indices such as the Enhanced Vegetation Index (EVI) and Burned Area Index (BAI). The
BAI was also included in order to determine the possible vegetation burning activity, which may
have been triggered by drier conditions associated with an intense drought period. These spectral
indices were calculated using the formulas:

𝑁𝐷𝑉𝐼 =
𝐸𝑉𝐼 = 2.5

𝑁𝐼𝑅 − 𝑅
𝑁𝐼𝑅 + 𝑅

𝑁𝐼𝑅 − 𝑅
𝑁𝐼𝑅 − 6 𝑅 − 7.5 𝐵 + 1

(1)
(2)
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𝐵𝐴𝐼 =

1
(0.1 + 𝑅) + (0.06 + 𝑁𝐼𝑅)

(3)

where R and NIR are spectral bands in the blue (450–500 nm), red (600–700 nm) and near-infrared
(700–1300 nm) regions.
The GEE also archives climate data, which include temperature and precipitation. In our study,
we derived the maximum temperature and precipitation values averaged for the study area for the
period from 2002 to 2017 using the Climate Engine Application (CEA, http://climateengine.org/). The
climate data used here are an output of the Modern Retrospective Analysis for Research Application
(MERRA-2) model [33]. The MERRA model is an American global reanalysis tool operating from
1979 onwards that is based on the National Aeronautics and Space Administration (NASA) Goddard
Earth Observation serving Data Assimilation System version 5 (GEOS-5). The MERRA-2 model data
are given at a spatial resolution of 0.67° × 0.50° at 1-hourly to a 6-hourly intervals.
The ENSO phenomenon influences rainfall and temperature conditions largely over southern
Africa [34, 35]. Previous studies have demonstrated how vegetation responds significantly to ENSO
[35] and the DMI [36] index as a measure of climatic conditions [37-39] in some parts of southern
Africa. Thus, in order to investigate changes in vegetation in the HiP due to variability in climatic
conditions, it is important to consider these other climate indices. In this study, we used Niño3.4
monthly mean time series retrieved from the National Oceanic and Atmospheric Administration
(NOAA) website (https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/). The Niño3.4 index is calculated
by taking the area-averaged sea-surface temperature (SST) within the Niño3.4 region, which is at
5°N–5°S longitude and 120°W–170°W latitude in the Pacific Ocean. On the other hand, the DMI is
calculated by taking the difference between the SST anomalies in the western (50°E–70°E), (10°S–
10°N) and eastern (90°E–110°E), (10°S–0°N) sectors of the equatorial Indian Ocean [36]. The DMI data
were
downloaded
from
the
website:
http://www.jamstec.go.jp/frcgc/research/d1/iod/iod/dipole_mode_index.html. The relevant time series of
Niño3.4 and DMI are shown in Figure 2.
2.3. Multiple-linear Regression
One of the principal objectives of this study was to quantify the effects of temperature,
precipitation, ENSO and DMI on the NDVI as a surrogate for vegetation in the study area. Multiplelinear regression analysis (MLR), which is commonly used to explain the relationship between one
continuous dependent variable and two or more independent variables, was employed. The MLR
model output of a number n observations can be represented as:
𝑦 = 𝛽 +𝛽 𝑥 +⋯+𝛽 𝑥 + 𝜀

where 𝑖 = 1,2,3, … ,n

(4)

where yi is the dependent variable (NDVI in this case), xip represents the independent variables
(temperature, precipitation, Niño3.4 and DMI in this case), 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 tries to
minimize.
2.4. Mann–Kendall Test
It is always useful to assess the monotonic trends in a time series of any geophysical data. In this
study, the Mann–Kendall test [40-42] was used. This is a non-parametric rank-based test method,
which is commonly used to identify monotonic trends in time series of climate data, environmental
data or hydrological data. Non-parametric methods are known to be resilient to outliers [43], hence
it is desirable to choose such methods. Based on a study by Kendall [42] and recently by Pohlert [44]
and others, the Mann–Kendall test statistic is calculated from the formula:
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𝑆=

(5)

𝑠𝑖𝑔𝑛 𝑋 − 𝑋

where
𝑠𝑖𝑔𝑛(𝑥) =

+1,
0,
−1,

if 𝑥 > 1
if 𝑥 = 0
if 𝑥 < 1

(6)

The average value of S is E[S] = 0, and the variance σ2 is given by the equation:
𝜎 = 𝑛(𝑛 − 1)(2𝑛 + 5) −

𝑡 𝑡 − 1 2𝑡 + 5

(7)

/18

where tj is the number of data points in the jth tied group, and p is the number of the tied group in the
time series. It is important to mention that the summation operator in the above equation is applied
only in the case of tied groups in the time series, to reduce the influence of individual values in tied
groups in the ranked statistics. On the assumption of random and independent time series, the
statistic S is approximately normally distributed provided that the following z-transformation
equation is used:
𝑆−1
⎧
⎪ 𝜎
𝑧= 0
⎨𝑆 + 1
⎪
⎩ 𝜎

if 𝑆 > 1
(8)

if 𝑆 = 0
if 𝑆 < 1

The value of the S statistic is associated with the Kendall

𝜏=

/

1
1
𝐷 = 𝑛(𝑛 − 1) −
2
2

𝑡 𝑡 −1

1
𝑛(𝑛 − 1)
2

/

where

(9)

(10)

In regard to the z-transformation equation defined above, this study considered a 5% confidence
level, where the null hypothesis of no trend was rejected if |z| > 1.96. Another important output of
the Mann–Kendall statistic is the Kendall τ term, which is a measure of correlation which indicates
the strength of the relationship between any two independent variables. In this study, the Mann–
Kendall test system summarized above was applied to the NDVI data by writing a piece of code in
R-project and following the instructions by Pohlert [44].
2.5. Wavelet Transforms and Wavelet Coherence
We opted to employ the wavelet transform analyses method [45] because of its ability to obtain
a time–frequency representation of any continuous signal. Basically, the continuous wavelet
transform (CWT) of a given geophysical (in this case) time series is given by transforming the time
series into time and frequency space. Whereas there are several types of wavelets, the choice of the
wavelet function is determined by the data series, of which for geophysical data the Morlet wavelet
function has been shown to perform well [45-47]. 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:
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𝑋 Ψ∗

𝑊 (𝑠) =

(𝑛 − 𝑛)
𝛿𝑡
𝑠

(11)

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 (which is months in this
case). The wavelet power is calculated from |Wn (n)|2. In our study, the CWT statistical significance
at a 95% confidence level was estimated against a red noise model [45, 47]. Using continuous wavelet
transform analysis, it is also possible to quantify the relationship between two independent time
series of the same time step δt. In this study, the aim was to quantify the relationship between NDVI
averaged for the study area and DMI, Niño3.4, maximum temperature, and precipitation time series.
Following Grinsted et al. [47], for the two time series of X and Y, with different CWT
𝑊 (𝑠) and 𝑊 (𝑠) values, the cross-wavelet transform 𝑊 (𝑠) is given by
𝑊

(12)

(𝑠) = 𝑊 (𝑠)𝑊 ∗ (𝑠)

where * represents the complex conjugate of the Y time series. The output of the above equation can
also assist in calculating the wavelet coherence. Basically, wavelet coherence is a measure of the
intensity of the covariance of the two time series in a time–frequency domain. This is an important
parameter because the cross-wavelet gives only a common power. Another important process is to
calculate the phase difference between the two time series. Here, the procedure is to estimate the
mean and confidence interval of the phase difference. Following a study by Grinsted et al. [47], we
used the 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. As defined in a study by Zar [48] and also later by Grinsted et al. [47], the mean circulation
of a set of angles (ai, I = 1,2,3…n) can be defined by the equation:

𝑎

= arg(𝑋, 𝑌) with 𝑋 =

cos(𝑎 ) and 𝑌 =

sin(𝑎 )

(13)

Following studies by Torrence et al. [45, 47], the wavelet coherence between two independent
time series can be calculated using the equation:

𝑅 (𝑠) =

𝑆(𝑠

|𝑆(𝑠 𝑊 (𝑠))|
|𝑊 (𝑠)| ) × 𝑆(𝑠 |𝑊 (𝑠)| )

(14)

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. For further details about the theory of wavelet
analyses, the reader is referred to [45, 47, 49].
3. Results and Discussion
To investigate whether the El Niño event of 2014–2016 can be classified as strong, a time series
for the period from the beginning of the satellite era (1980) to the year 2017 was plotted (see Figure
2a). We also considered the DMI index (Figure 2b) as a measure of climatic conditions of the eastern
part of southern Africa [38]. A general classification of ENSO events should contain 5 consecutive
overlapping 3-month periods with SST anomalies below –0.5 for the La Niña events and above +0.5
for the El Niño events.
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Figure 2. Standardized monthly Niño3.4 (a) and DMI (b) time series for the period from 1980 to 2017.

In Figure 2, both the El Niño events and positive DMI are shaded in red, whereas La Niña and
negative DMI are indicated in blue. To identify the strength of the ENSO events the threshold is
further broken down to weak (0.5–0.9 SST anomaly), moderate (1.0–1.4 anomaly) and strong (≥1.5
anomaly) events. Figure 2a shows that the 2014–2016 El Niño was one of the strongest since the
beginning of the record. Other notably strong El Niño occurrences were in 1982/1983, 1997/1998 and
2009/2010. On the other hand, there were many episodes of positive DMI, with one such event in
2014–2016, which seems to be in phase with the recent strong El Niño of 2014–2016.
Sixteen-year monthly mean NDVI data (2002–2017) averaged for the study area were used in
this research. A composite of the index averaged for each year from 2002 to 2017 is shown in Figure
3, in which the regions where there are greener colors indicate higher NDVI values, whereas the
brownish colors indicate low NDVI values. These results show that there seems to be a direct
influence of the ENSO in the vegetation of the HiP, especially during strong El Niño years. It is
evident that during El Niño years, there was a decline in NDVI values especially in the southern and
western parts of the study area. The evidence of greener regions in the eastern part of the reserve
could presumably be because this area benefits from orographic lifting as it is situated in rising terrain
(see Figure 1). The evidence of the influence of El Niño is more prominent during the strong El Niño
years such as 2003, 2008 and the recent intense 2014–2016 drought period.
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Figure 3. Spatiotemporal variability of NDVI at the HiP for the period from 2002 to 2017. The scale
represents the range of NDVI values from 0 to 1.

Figure 4a shows the deseasonalized monthly averaged MODIS NDVI time series for HiP from
2002 to 2017. The continuous red line indicates the estimated trend and the dashed red lines show the
95% confidence levels. In general, NDVI values vary between 0.3 and 0.8, with the dominance of the
band between 0.5 and 0.65 (see Figure 4b). The NDVI trend estimate was calculated using the
TheilSen method, which is outlined in a study by Wilcox [50]. Furthermore, Carslaw and Ropkins
[51] also used this method to produce the TheilSen openair version 1.1-4 package function using Rproject version 3.1.2. Basically, this trend is represented by the percentage change, which is based on
the NDVI values at the beginning and end months to express the mean slope. This trend (T) is defined
as:

𝑇(%. 𝑦𝑟

) = 100.

𝑁𝐷𝑉𝐼
𝑁𝐷𝑉𝐼

− 1 /𝑁

(15)

where NDVIend and NDVIstart are the mean NDVI values for the end and start dates, respectively, and
Nyears is the total numbers of years in the corresponding time series. In regard to trend analyses, our
results in Figure 4a show that the trend in the NDVI for the game reserve over the study period
presented here was 0.0 per year, with the 95% confidence intervals in the trend ranging from 0.0 to
0.0 per year. The 0.0 per year trend estimate and the 95% confidence interval that range between 0
and 0 provide strong evidence that the NDVI trend was steady over the study period. This seems to
be the case for southern Africa as other studies also indicate a steady trend for this region [10].
Remarkably, during the 2014–2016 period, a time that coincided with the recent intense El Niño, there
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was a sudden decrease in the NDVI values to the maximum minimum values of about 0.28. During
this period, EVI values also decreased, to minimum values of about 0.11 (results not shown here).

Figure 4. (a) Deseasonalized monthly mean NDVI time series for HiP. The continuous red line
indicates the trend estimate and the dashed red lines show the 95% confidence interval for the trend
based on resampling methods. (b) and (c) show the histogram and trend line of the NDVI monthly
mean data and the monthly mean time series, respectively.

Mberego and Gwenzi [52] investigated temporal patterns of precipitation and vegetation
variability over Zimbabwe during extreme dry and wet rainfall seasons using data covering the
period 1981–2005. Their NDVI time series indicated a steady trend over this period; it seemed to be
strongly affected by extremely dry conditions, which is consistent with the results presented here.
The deseasonalized monthly mean NDVI time series in Figure 4a (blue line) indicates the possible
response that corresponds to both dry and wet years, especially during the most recent strong El
Niño events of 2003 and 2014–2016. Whereas Manatsa et al. [53] reported the 1991–1992 period as
experiencing the most extreme drought, and Mberego and Gwenzi [52] the year 2002–2003 as the
drought period with the most prolonged time of relatively low NDVI values, our observations
indicate that 2014–2016 was the longest period with low NDVI values. Thus, 2014–2016 could be
regarded as the most recent intense El Niño period, with the maximum effect on vegetation in the
game reserve. The NDVI values dropped from a value just above 0.65 in November 2013 to 0.3 in
November 2015. This is also verified by a much smoother representation of the NDVI in Figure 4c in
which an obvious reduction in NDVI values is observed corresponding to the most recent strong El
Niño. The influence of the El Niño of 2003 is also apparent in Figure 4c. Another significant feature
is a strong peak, which reaches ~0.8 just after the Irina tropical storm, which occurred in early March
2012.
Figure 5 shows monthly mean time series values plotted together with their corresponding 12month running-mean smooth trend for NDVI (Figure 5a), EVI (Figure 5b), BAI (Figure 5c), maximum
temperature (Figure 5d), and precipitation (Figure 5e). The smooth trend was extracted using the
Breaks For Additive Season and Trend (BFAST) method, which is described by Verbesselt et al. [54,
55]. The BFAST method integrates the decomposition of time series seasonal, trend and remainder
components of any satellite image time series, and can be applied to any other type of time series in
the geosciences that deals with seasonal or non-seasonal time series. The period of the most recent
intense drought (2014–2016) is indicated by the grey shaded box in each figure. In general, all the
parameters show a seasonal cycle in terms of monthly means.
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Figure 5. Monthly mean time series values of (a) NDVI, (b) EVI, (c) BAI, and MERRA-2 model
maximum temperature (d) and precipitation (e)(dashed lines) and their respective 12-month smooth
trends (continuous lines) for the period 2002 to 2017 for HiP.

There is expectedly a resemblance between the NDVI and EVI observations in both the monthly
mean time series and the smooth trend, with a clear indication of the effect of the 2014–2016 drought
period. This is consistent with a study by Xulu et al. [10], who investigated the response of
commercial forestry to the recent strong and broad El Niño event just 60 km south of the HiP. They
reported a significant decline in NDVI values, which corresponded to the 2014–2016 El Niño years
[10]. Although the influence of the 2014–2016 El Niño in the game reserve seems to be the strongest,
it follows the same pattern as that reported by Anyamba et al. [35] in their study of the influence of
both El Niño and La Niña in the vegetation status over eastern and southern Africa. Considering the
level of browning of vegetation demonstrated in Figure 3 for the years 2014–2016, it was necessary to
consider the overall possible fire activity, given the relatively dry conditions. Figure 5c suggests that
during the period of the intense drought of 2014–016 there was an increase in fire incidence as
revealed by a rise in the BAI value to its maximum of approximately 50.
The 12-month running mean smooth trends extracted using the BFAST method for NDVI, EVI
and BAI plotted against anomalies of climatic forcers Niño3.4 and DMI are shown in Figure 6. This
plot was constructed to investigate any possible 2-dimensional teleconnection between vegetation
condition and the Niño3.4 and DMI climatic forcers, respectively. The panels on the left represent the
vegetation indices and BAI versus Niño3.4, and those panels on the right show the vegetation indices
versus DMI. Both the NDVI (Figure 6a) and EVI (Figure 6b) values show a fairly steady pattern for
most parts of the time series, which vary between NDVI values of 0.50 and 0.60, and between EVI
values of 0.28 and 0.34. However, both the NDVI and EVI values seem to be enhanced by the extreme
amount of rainfall that was brought by the tropical cyclone Irina during early 2012 in the eastern part
of southern Africa. In that year, NDVI values increased to their maximum of approximately 0.62,
whereas the more sensitive EVI index reached its maximum of approximately 0.38. The strong peaks
that were observed during 2004 in the NDVI and EVI time series correspond to the greening of
vegetation in the HiP, which was produced by the heavy rainfall that was brought by tropical cyclone
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Elite in January 2004 [56]. NDVI values were observed to decrease sharply from late 2013 until they
reached their minimum of approximately 0.40 in 2015 before beginning to recover to normal average
conditions in 2017. This pattern is also depicted in the EVI time series, and is directly linked to the
stronger and more extensive 2014–2016 El Niño event. Similar results were also presented in the study
by Xulu et al. [10], who investigated the influence of recent drought on forest plantations in Zululand.
The notable browning observed in Figure 3 for years 2014, 2015 and 2016, which was also revealed
by the NDVI and EVI time series (Figure 5), seems to represent favourable conditions for biomass
burning in the game reserve. This is revealed by the unprecedented sudden increase in BAI to its
greatest maximum of approximately 50, which coincides with the enhancement of Niño3.4 during
2014–2016 (Figure 6e).
The DMI was highly variable compared to the Niño3.4 climatic forcers throughout the study
period, with several distinctive positive DMI values that reached a maximum of just below 1.0.
Remarkably, there is a strong peak that extends up to approximately 0.8 during the period band
corresponding to 2014–2016 that coincided with the decline in NDVI and EVI and the increase of the
ENSO and BAI time series. We note here that the widespread browning observed during the 2014–
2016 drought period could have been accelerated by the fact that the climatic forcers, which are
known to influence the south-eastern part of southern Africa, may have been in phase during this
period. This, of course, needs further investigation; and is discussed below.

Figure 6. (a, b) NDVI, (c, d) EVI and (e, f) BAI (blue dashed line) 12-month smooth trends versus
Niño3.4 (left panels) and DMI (right panels) for the period from 2002 to 2017 for the HiP.
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3.1. Correlations Statistics and Mann–Kendall Test
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Figure 7 shows the interannual variability of the Pearson linear correlation between the HiP
NDVI values and parameters such as Niño3.4, DMI, maximum temperature, precipitation, and BAI,
for the period from 2002 to 2017. In this figure, factors such as precipitation, maximum temperature
and DMI seem to be positively correlated with the NDVI, with maximum temperature and rainfall
reaching values above 0.5 in the years 2002 and 2006, respectively. As expected, the Niño3.4 index
versus NDVI correlation is dominated by negative values that are much more prominent in periods
corresponding to El Niño years. This is consistent with previous studies such as those of Xulu et al.
[10, 35], who reported a significant influence of ENSO on the vegetation of southern Africa, especially
the north-eastern part. Moreover, a salient observation is that the greatest minimum correlation
recorded was in 2015, a year with a particularly strong El Niño. The negative correlation between
DMI and NDVI also seems to be greater during the recent intense drought period, which could
indicate that Niño3.4 and DMI were in phase during this time. The correlation between NDVI and
the BAI is expected to be strongly negative as greening is not conducive to biomass burning.
However, the results presented in Figure 7 indicate that there was a sudden increase of correlation
between NDVI and BAI in 2015 before it returned to its average position in 2016 and 2017. Overall,
the interannual variation of almost all the study parameters indicates a noticeable change during El
Niño events in the years 2003 and 2008 and was especially prominent during the 2014–2016 period.

Figure 7. Linear correlations between NDVI and the parameters Niño3.4, DMI, maximum
temperature (Max Temp), precipitation (Prec) and BAI for each year in the period from 2002 to 2017.

While the Pearson linear regression is useful to investigate the yearly variability of the
relationship between the climatic variables used here and NDVI, the Pearson correlation for the
whole record was also derived. Figure 8 shows the heatmap which summarizes the linear
relationships between all the parameters monitored in this study. Of significance is the strong
negative correlation between the NDVI and BAI, which is not surprising because greener vegetation
reduces chances of biomass burning, while the possibility of the satellite detecting the charcoal signal
from burnt vegetation during dry conditions is high. On the other hand, a noteworthy positive (r =
0.43) and negative (r = –0.27) correlation between NDVI and precipitation and Niño3.4, respectively,
was observed. The correlation between NDVI and temperature was less (r = 0.19) than that of
precipitation and Niño3.4. Although Figure 2 indicate some cases where a strong Niño3.4 peak is in
phase with DMI peaks, the noteworthy correlation of r = 0.28 between these two climatic indices
seems to reaffirm this.
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Figure 8. Heatmap of Pearson correlation coefficients for NDVI, precipitation (Prec), maximum
temperature (MaxT), BAI, Niño3.4 and DMI.

A comprehensive summary of the MLR analysis statistics encompassing NDVI, temperature,
precipitation, Niño3.4, and DMI is shown in Table 1. It should be mentioned that the temperature,
precipitation and Niño3.4 parameters were chosen because of their well-known possible influence on
NDVI variability, whereas DMI was selected to test the possibility of such influence. The results
reveal a statistically significant relationship between NDVI and precipitation and Niño3.4, with pvalues of 2.0 x 10–7 and 8.4 x 10–4, respectively. In contrast, the linear correlation between both
temperature and DMI was observed to be not significant when considering the whole time series
even though results presented in Figure 7 indicate the clear influence of these factors during the 2014–
2016 period. A positive significant correlation between precipitation and NDVI, which is also
represented as in Figure 8, indicates that precipitation may be more influential with regard to NDVI
variability in the study area than temperature. The significant but negative correlation between
Niño3.4 and NDVI confirms the notion that ENSO variability plays a role in the climatic conditions
of southern Africa [35,52].

Table 1. Output of the MLR model in which NDVI is a dependent variable and temperature,
precipitation, Niño3.4 and DMI are independent variables.

Variable

Std. Error

t-value

p-value

Sig

0.4039074

0.0809350

4.9910000

0.0000014

***

0.0033390

0.0029649

1.1260000

0.2615530

Precipitation

0.0007725

0.0001434

5.3860000

0.0000002

***

Niño3.4

–0.0304511

0.0089747

–3.3930000

0.0008460

***

DMI

0.0041454

0.0275409

0.1510000

0.8805210

(Intercept)
Maximum temperature

Estimate

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

In order to verify the output of the Theilsen method used above, this study also invoked the
Mann–Kendall trend test. The main advantage of this technique is that it provides a non-parametric
test that does not require the data to be normally distributed and also it is not dependent on the
magnitude of data. Furthermore, this non-parametric test method has low sensitivity to abrupt breaks
in heterogeneous time series [57]. The Mann–Kendall test model was applied to the NDVI data, with
results shown in Figure 9. In summary, the z-score and p-value for the entire NDVI time series period
(2002–2017) were found to be –1.22 and 0.224, respectively. Both the z-score and the p-value seem to
indicate that there was no significant trend in the NDVI data. But there was an indication of an
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insignificant downward trend (negative z-score) presumably due to the sudden reduction of the
NDVI values which coincided with the 2014–2016 drought. In order to investigate the influence of
drought conditions in the study area using the Mann–Kendall method, it was necessary to calculate
the inter-annual variation of Mann–Kendall z-scores.

Figure 9. Inter-annual variation of Mann–Kendall z-scores (α = 0.05, Z1 = –1.96, Z2 = 1.96) for the HiP
from 2002 to 2017.

Figure 9 shows the Mann-Kendall z-scores based on the 16 years of monthly average NDVI data
for the game reserve. In general, it is expected that vegetation will respond to climate fluctuating
conditions, and this is clearly depicted by significantly negative z-scores (less than Z1 = –1.96) during
strong El Niño events (e.g. in 2003 and 2014/2015). The significant downward trend observed between
2014 to 2015 is the strongest such downward trend in the history of the MODIS NDVI data used in
this study; it demonstrates a clear response of the vegetation of the reserve to the strong El Niño event
of 2014–2016. A similar analysis and results comparable with those presented here was reported by
Hou et al. [17] in their study on the inter-annual variability in growing-season NDVI and its
correlation with climate variables in the south-western Karst region of China.
3.2. Wavelet analyses
In order to analyze localized variation of the spectral power within the time series, wavelet
analyses, the most common tool for this purpose, were also conducted. As mentioned earlier, the
wavelet method assists by decomposing a time series into time–frequency space, which makes it
possible to determine the dominant modes of variability and how they vary in time. Figure 10 shows
the normalized wavelet power spectra for the monthly mean NDVI, precipitation, DMI, Niño.3.4 and
maximum temperature data recorded for the game reserve. The results of the EVI wavelet analyses
are not shown here because they are nearly identical to those for NDVI. In Figure 10, blue indicates
low wavelet power and yellow represents areas of high wavelet power. The wavelet power area that
is considered in what follows is that which is within the cone-of-influence which is indicated by the
solid u shaped line.
The NDVI of the HiP seems to follow the distinctive pattern of seasonality of precipitation in the
north-eastern part of South Africa, which experiences rainfall during the summer period (December–
February). This is confirmed by a statistically significant peak observed at around the12-month cycle
(see Figure 10a), which seems to correspond with that of precipitation (Figure 10b) and of maximum
temperature (Figure 10e) throughout the year. This is plausible because wet seasons (summer in this
case) lead to increased soil moisture and also create conditions of low evapotranspiration and thus
accelerate the greening process in the game reserve. Similarities in the wavelet power spectra of
temperature and especially precipitation to that of NDVI therefore suggest that the vegetation health
in the HiP was primarily driven by precipitation. This is not surprising considering the strong annual-
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mean correlation between precipitation and NDVI presented in Figure 7. It should also be noted that
the NDVI wavelet power spectra have significant peaks showing the presence of the semi-annual
oscillation (6 months), which is observed during the distinctive period from 2006/2007 to 2011/2012.
The results of the NDVI wavelet spectral analysis presented here are remarkably similar to the
findings of Azzali and Menenti [12], who used a Fourier transform-based technique and reported a
substantial seasonal change in NDVI for southern Africa. The high and significant power of a period
of 3–4 months that is observed in both the periods 2012/2013 and 2015/2016, is perhaps related to
cyclone Irina in early 2012 and the most recent intense drought of 2014–2016. The wavelet power
spectra of the DMI indicate significant power peak of distinctive periods in the 3–20 months band
primarily during the period between 2008 and 2013. On the other hand, the Niño3.4 power spectra
exhibit significant power peaks in the 8–32 months band throughout the study period. It should be
noted, however, that this frequency occurrence of peaks observed in the Niño3.4 wavelet spectra is
similar to that reported in the studies of Torrance and Compo [45] and also of Jevrejeva et al. [46],
who used a much longer time series of Niño3.4.

Figure 10. Normalized wavelet power spectra of monthly mean (a) NDVI, (b) precipitation, (c) DMI,
(d) Niño3.4 and (e) maximum temperature plotted for the period from 2002 to 2017. The black lines
which encircles yellowish colors indicate the areas of significance at the 95% confidence level using
the red noise model.
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The coherence between DMI, maximum temperature, precipitation, Niño3.4 and NDVI was
investigated to determine whether the NDVI significant wavelet spectra peaks observed at a given
time correspond with those observed for the other parameters. Furthermore, the phase relationship
between NDVI and the other parameters was calculated and superimposed graphically in Figure 11.
The phase relationship is represented by arrows, where two cross-wavelet parameters are in phase if
the arrows point to the right, anti-phase if the arrows point to the left, and leading or lagging if the
arrows point upwards or downwards, respectively. More details about these calculations can be
found in studies by Jevrejeva et al. [46, 47] and later by Schulte et al. [49].

Figure 11. Squared cross-wavelet power spectra between NDVI and (a) DMI, (b) maximum
temperature, (c) precipitation and (d) Niño3.4. The continuous black lines demarcate the areas of
significance at the 95% confidence level using the red noise model. The arrows are vectors indicating
the phase difference between the cross-wavelet parameters (see the legend in the bottom left corner).

The local wavelet coherence spectra together with their distinctive cross-spectra phase for
NDVI–DMI, NDVI–Niño3.4, NDVI–precipitation and NDVI–maximum temperature are shown in
Figure 11. In general, all the wavelet coherence spectra indicate that DMI, Niño3.4, precipitation and
temperature have some sort of coherence with the HiP NDVI in a variety of both periods and
timescales. However, it should be mentioned that because statistically the significant correlation
between any two variables being investigated could occur by chance, significant commonality in a
wavelet coherence spectra analysis does not necessarily imply interconnection. Moreover, there is a
possibility of smaller areas of wavelet coherence occurring by chance, which would not indicate
interconnection, whereas larger areas of significance are improbable due to chance. For this reason
further investigation is required in regard to possible teleconnection between any two-time series.
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The wavelet coherence between NDVI and DMI is observed to delineate some areas that have
high significant power at periods of 2–16 months. It is also important to mention that there are
significant peaks which are within the cone of influence at the period band 32–48 months during
years 2005–2007? and 2013/2014, respectively. The cross-wavelet phase during the years 2013/2014
indicates that the DMI was leading the NDVI. Torrance and Compo [45] investigated the periodicities
present in a much longer time series (1871–1996) of Niño3.4 using Morlet wavelets and reported the
domination of periods greater than 12 months, while some smaller episodes of shorter periods were
also present in their spectra. In this study, the wavelet coherence between NDVI and Niño3.4
indicates smaller or no areas of high power significance, which is understandable because the 16-year
monthly mean NDVI time series is dominated by periodicities less than 16 months (Figure 10a)
whereas the Niño3.4 wavelet spectra are dominated by periodicities greater than 12 months.
Remarkably, there is a significant power at a period band of 22–27 months from 2014 to 2017 with
cross-spectra phase pointing at leading position (NDVI leads), which indicates that the recent strong
El Niño event may have influenced the response of NDVI illustrated in Figure 4a. This significant
peak seems to be similar to that observed in the NDVI wavelet coherence spectra, indicating it is
possible that the DMI and Niño3.4 time series were in phase during this period. If so, their joint effect
could have maximized the browning observed in years 2014–2016. The wavelet coherence between
NDVI and both the precipitation and temperature records indicates high significant power during
most parts of the study record, with the precipitation spectra phase (Figure 11c) being dominated by
leading NDVI phase during the early part of the record. The phase relationship changes to an inphase direction in the middle of the record, before it returns to the leading NDVI phase during the
latter part of the record for the period band 8–18 months. This pattern is also observed in the
distinctive periods which are less than 8 months especially for the period 2006–2013. The NDVI and
temperature wavelet coherence spectra delineate distinctive high power significance with an antiphase relationship in a 2–8 months band for years 2006–2014. Apart from the two distinctive period
bands of 2004–2006 and 2015–2017 of high significant power during which the NDVI time series lead
the temperature time series during the period band 9–14 months, the annual cycle is dominated by
the in-phase relationship; both scenarios also indicate the a possible teleconnection between the two
time series.
Overall, factors such as DMI, Niño3.4, precipitation and temperature are shown to influence
NDVI at different distinctive periods and time scales. During La Niña years, the relationship between
NDVI and precipitation and temperature seems to not indicate any alarming patterns. However,
during strong El Niño years (especially broad and strong ones as in 2014–2016), intense drought
occurs. This condition is associated with less humidity and cloud cover, which allows for more solar
radiation reaching the ground and accelerated evapotranspiration, which impede photosynthesis.
4. Conclusions
Our results indicate that drought stress reaction patterns of vegetation within HiP provide
temporal responses to climate variability, suggesting a strong causal influence. Both the NDVI and
EVI values, averaged over the study area, decreased suddenly during 2014–2016 to their greatest
minima of approximately 0.28 and 0.11, respectively, in 2016. The linear relationship (both Pearson
and MLR) between climatic indices and NDVI indicated that precipitation and ENSO play a
significant role in the variability of vegetation health. The Pearson correlation r and MLR p-value for
precipitation and ENSO were found to be 0.45 and 2.0 x 10-7, and 0.27 and 8.4 x 10-4, respectively.
While some studies [17] reported temperature as the main meteorological parameter that influences
vegetation, in our study we conclude that the influence of precipitation on vegetation was more
significant. Moreover, terrain appears to have additional influence on the state of vegetation in the
reserve. For example, the lower NDVI values corresponded with 2014–2016 drought period,
particularly in the south-western (flat) part of the reserve, whereas the eastern parts (hilly) seem to
have benefited from orographic precipitation which promoted vegetation growth. Terrain is also
assumed to restrict wildlife grazing in hilly parts of the reserve where stable NDVI are noticeable,
placing more burden in flat areas that are accessible to most grazers.
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The Mann–Kendall trend significance test of the HiP time series revealed a decreasing pattern
during the extreme drought periods of 2003 and 2015–2016, with the lowest minimum during 2015.
This study has also demonstrated how the wavelet coherence signal processing technique can serve
in identifying periodicities in NDVI time series, and can also help demonstrate temporal response of
vegetation status to environmental disturbances. The wavelet coherence power spectra indicate the
strong influence of precipitation on NDVI variation, which is also explained by the wavelet power
spectra of NDVI that seem to follow that of precipitation. While the El Niño of 2014–2016 was both
extended and strong, it is possible that its influence in the study area was also supported by a
corresponding positive DMI peak which took place at the same time with the with the 2014–2016 El
Niño period. It is, therefore, desirable to use the wavelet coherence technique and other methods to
investigate the phase relationship between ENSO and DMI for determining the corresponding
influence of rainfall in the north-eastern part of South Africa.
Finally, we conclude that the recent intense drought of 2014–2016 influenced the spatiotemporal
pattern of vegetation condition in the HiP. This hold more implications for tourism potential of the
HiP as attractive grazers such as white rhinos and buffalos were reportedly affected by this event
[11]. The results portend that the freely GEE-archived satellite data is a capable tool for monitoring
drought with a high temporal resolution across game reserves located in drought prone areas of
South Africa and other parts of the world.
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Appendix A
Here we show the Google Earth Engine interactive development environment. The dark green
area indicates the location of the Hluhluwe-iMfolozi Park in north-eastern South Africa. The NDVI
time series, which is averaged for the study area, is shown in the console part of the GEE interactive
development environment.
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