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Abstract: Across savanna landscapes of southern Africa, people are strongly tied to the environment,
meaning alterations to the landscape would impact livelihoods and socioecological development.
Given the human–environment connection, it is essential to further our understanding of the drivers
of savanna vegetation dynamics, and under increasing climate variability, to better understand
the vegetation–climate relationship. Monthly time series of Advanced Very High-Resolution
Radiometer (AVHRR)- and Moderate Resolution Imaging Spectroradiometer (MODIS) derived
vegetation indices, available from as early as the 1980s, holds promise for the large-scale quantification
of complex vegetation–climate dynamics and regional analyses of landscape change as related to
global environmental changes. In this work, we employ time series based analyses to examine
landscape-level vegetation greening patterns over time and across a significant precipitation gradient.
In this study, we show that climate induced reductions in Normalized Difference Vegetation Index
(NDVI; i.e., degradation or biomass decline) have had large spatial and temporal impacts across
the Kwando, Okavango, and Zambezi catchments of southern Africa. We conclude that over time
there have been alterations in the available soil moisture resulting from increases in temperature in
every season. Such changes in the ecosystem dynamics of all three basins has led to system-wide
changes in landscape greening patterns.

Keywords: Normalized Difference Vegetation Index; precipitation; temperature; savanna; climate
variability; vegetation persistence; southern Africa

1. Introduction

Savanna landscapes, which cover about a fifth of the Earth’s surface, are representative of an
intermittent ecosystem with a patchy mosaic composed of grasslands, scattered woody vegetation,
and in some regions, closed woodland [1,2]. For decades, researchers have studied and debated
the driving forces behind such spatial heterogeneity [3–5]. The authors of [6] illustrated that,
globally, savanna function and drivers of spatial heterogeneity differ from continent to continent.
However, there is consensus that the availability of resources (e.g., water, nutrients) and disturbance
regimes (e.g., fire, herbivory) are the most important drivers regulating savanna vegetation [7].
In such complex ecosystems, further complicated by human utilization of the landscape, there are
undoubtedly overlapping and/or interacting drivers of environmental change. To measure landscape
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resilience, a sound understanding of ecosystem variability and drivers of heterogeneity is needed,
especially in savannas, which have long been deemed to exist in a non-equilibrium state.

Literature on ecosystem dynamics recognizes that non-equilibrium states have profound
implications for how hypotheses are formulated and tested to draw accurate inferences regarding
factors driving ecosystem change [8]. There is increasing recognition that savannas are “far from
steady-state ecosystems” [9], meaning the landscape heterogeneity is variable over space and time
and is influenced by non-equilibrium environmental variability [10]. In short, savannas co-evolve
along multiple states driven, at differing scales, by human and climatic covariates. Savanna landscapes
in southern Africa are experiencing widespread biome shifts from grass-dominated or mixed tree-grass
systems to increasing woody biomass, mostly shrub cover [11]. These shifts, sometimes deemed bush
encroachment or degradation, lead to less biologically productive landscapes and alter ecosystem
function, biodiversity, and profitability [2]. Across southern Africa such degradation is spatially
and temporally unique in pattern, and is most commonly associated with climate or management
decisions. Such human activities affect land cover composition and patterns, altering ecosystem
functioning and leading potentially to longer-term feedbacks to the climate system [12]. A critical
concern in the region is identifying drivers responsible for bush encroachment before irreversible
landscape degradation occurs [13]. Drivers are hypothesized to be a combination of biotic (including
human) and abiotic variables [7,14–18] though most prominently in the literature precipitation
and associated soil moisture are noted as the main drivers of spatial heterogeneity and landscape
change [7,14,19–21]. The fundamental importance of a single factor like water availability [17,22,23],
specifically mean annual precipitation (MAP) [7,14,18–21], is recognized for savanna vegetation,
although roles differ across vegetation types and biomes. Other individual factors like soils, nutrients,
fire regime, herbivory, land use, and management contribute to local patterns of savanna ecosystem
structure [16,19,20,24].

According to the United Nations Framework Convention on Climate Change (UNFCCC) many
of the countries of southern Africa, including Botswana, Zambia and Namibia, are highly vulnerable
to climate change and its effects. The last two Intergovernmental Panel on Climate Change (IPCC)
reports have highlighted changes in the drought regimes throughout the 20th century and a projected
intensification of such regimes into the 21st century based on changes in precipitation, temperature,
and evapotranspiration [25,26]. Specifically, over the last 100 years mean temperature has risen
by 0.5–2.0 ◦C [25,26]. More specifically, in recent decades southern Africa has exhibited upward
trends in annual mean, maximum, and minimum temperature across the landscape [26]. All of
the most recent IPCC modeled scenarios, Representative Concentration Pathways (RCP) 2.6 to 8.5,
project an increase in temperature through 2100 with RCP 8.5 modeling the greatest increase in
temperature [26]. Projected future trends in temperature indicate a minimum increase of 3 ◦C by
2099 [27]. In the worst-case scenario, the increase in mean annual temperature for the region is greater
than 4 ◦C [27]. More specifically, within the semi-arid parts of southern Africa an increase of 1.6 ◦C is
projected by 2050 [28–30]. In terms of precipitation, projections between the two most recent IPCC
reports are consistent, model results overall indicate a decrease in precipitation but the spatial pattern
of decreasing precipitation will be highly variable [26]. Across southern Africa the 2007 IPCC report
projects precipitation to decrease between 4–12% [31]. In this region, which has already experienced an
overall decreasing trend in precipitation, this projected decrease is monumental [32]. Water is the most
vulnerable natural resource in this region and under current climate change scenarios, water scarcity
is hypothesized [33]. Other than a further decrease in precipitation and increase in temperatures,
the IPCC projections indicate the region will experience increased frequency and intensity of extreme
events (especially droughts), a potential loss of biodiversity, and a high likelihood of vegetation state
change [31,34].

Remote sensing technologies have developed sufficiently to produce the temporal frequency
of data required to adequately detect vegetation change [35], particularly in the tightly coupled
vegetation–climate interactions of savannas. Monthly time series of Advanced Very High-Resolution
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Radiometer (AVHRR)—and Moderate Resolution Imaging Spectroradiometer (MODIS)—derived
vegetation indices hold considerable promise for the large-scale quantification of complex
vegetation–climate dynamics and regional analyses of landscape change as related to global
environmental changes [21]. One challenge associated with measures of the Earth’s surface is
the overreliance on detecting trends and limited determination of significant changes, thus creating
characterizations of general patterns, which may obscure those areas that experienced permanent
ecosystem shifts. This research utilizes a novel statistical approach for the identification of critical
vegetation changes manifested in response to changes in climate. We employ time series approaches to
examine the landscape-level vegetation change over time across a significant precipitation gradient.
Specifically, this research asks (i) what are the greening regimes and change points in vegetation
patterns across the Kwando, Okavango, and Zambezi catchments of southern Africa? And (ii) what is
the trajectory and to what degree has vegetation changed over the course of the imagery time series?
It is hypothesized that greening trends are explicitly linked to both climatic and human variables,
meaning that degradation/bush encroachment across the landscape can be linked to more variable or
lower water availability and human utilization of the landscape.

2. Materials and Methods

2.1. Study Area

The Okavango, Kwando, and upper Zambezi catchments (collectively called KAZA) combined
cover 683,000 km2 of tropical and sub-tropical southern Africa (Figure 1) and MAP of 400–1500
mm. The southern portion is semi-arid, defined by low annual precipitation and high interannual
variability, while totals and relative reliability increase northwards. Kalahari sands characterize
the majority of the study region’s soils. Low topography in the south (especially Caprivi and northern
Botswana) makes clear hydrologic separation of the catchments difficult. Historically, inter-basin
water flowed eastward, as witnessed in May and June of 2008 (personal observation) but these
systems have not connected consistently since the late 1970s. This correlates to a noted shift in global
climate and an observed decrease in regional rainfall that has been identified as a possible reaction to
atmosphere-ocean conditions in the Pacific Ocean [32,36–38].

Partly driven by, and partly in the context of significant climate variability and directional climate
change, southern African countries are experimenting with varied resource management approaches,
including the establishment of protected areas and community conservancies. Given the restricted
viability of agriculture, conserving savanna ecosystems for ecological and economic reasons is crucially
important to local peoples.

In this study, the data were aggregated to the basin level (Figure 1; Zambezi, Kwando
and Okavango) such that both mean and variance of the time series were created. Drainage basins
were used for this delineation rather than country for very specific reason. North to south across
the three basins there are significant changes in climate regimes (temperature and precipitation), so
these basins present this range in variation well. There are also differences in drivers of climate from
east to west, which is well represented by the three basins. Overall, the climate drivers of spatial
heterogeneity were broader scale and more significant that more localized drivers (e.g., population
and country boundary).

2.2. Climate Data

Monthly global gridded high-resolution temperature and precipitation data were obtained from
the University of Delaware. This time series stretches from 1901–2010 and was developed based
on a large number of climate station data and data from the Global Historical Climate Network
(GHCN2). These datasets were created via spatial interpolation at 0.5◦ resolution [39]. To indicate
interpolation errors a station-by-station cross validation technique were employed [39]. In this study,
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the 1982–2010 portion of the time series was used for the calculation of long-term seasonal precipitation
and air temperature metrics.Remote Sens. 2016, 8, x  4 of 21 
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Figure 1. Study area highlighting the countries (Botswana, Namibia, Zambia, Zimbabwe, and Angola)
and drainage basins (Okavango, Kwando, and Zambezi) where the research was conducted.

2.3. Remote Sensing

Only recently have remote sensing technologies developed sufficiently to meet the needs of
‘state-and-transition’ or ‘multiple stable state’ models [35] to systematically quantify and compare
vegetation change [21]. The temporal frequency of remotely sensed data required to adequately
describe major events is an important consideration in vegetation change detection, particularly in
the tightly coupled vegetation–climate interactions of savanna ecosystems. Monthly time series of
AVHRR- and MODIS-derived vegetation indices, now available from the early 1980s, hold considerable
promise for the large-scale quantification of complex vegetation–climate dynamics and regional
analyses of landscape change as related to global environmental changes [21]. A Normalized Difference
Vegetation Index (NDVI) time series, which discriminates vegetation characteristics, including
abundance, well in savanna regions [40–44] was utilized in a novel time series metric, which allows
for both temporal and spatial specificity. NDVI is calculated as:

NDVI =
NIR − Red
NIR + Red

where NIR is reflectance in the near infrared portion and the RED is reflectance in the red portion of
the electromagnetic spectrum.

The Global Inventory Monitoring and Modeling System Third Generation (GIMMS3g) NDVI data,
generated from National Oceanic and Atmospheric Association’s (NOAA’s) AVHRR in the framework
of the Global Inventory Monitoring and Modeling System (GIMMS) project at the NASA Goddard
Space Flight Center, was utilized for the monthly time series. The data set spans from 1982 to 2010,
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and has a spatial resolution of 8 km and a temporal resolution of 15 days. Despite the corrections
and temporal compositing, the GIMMS3g data still contains residual invalid measurements, well
indicated by quality flags. Any pixel having less than 80% high-quality data throughout the entire
time series, was excluded from the analysis. A gap-filling NDVI interpolation procedure was used
for the time points with ‘poor’ quality flags. The GIMMS3g monthly NDVI data is compiled from
the bi-monthly time-series using maximum value composite, these data were then aggregated to
seasons: DJF = December, January, February; MAM = March, April, May; JJA = June, July, August;
and SON = September, October, November. This study looks to understand the spatiotemporal
vegetation trends across a large multi-country landscape, therefore requiring data that highlights
landscape characteristics in the longest timeframe possible. AVHRR data provides such a data source,
it was one of the first Earth imaging satellites parameterized for time series applications with sufficient
repeat time and spatial coverage.

2.3.1. NDVI Metrics: Persistence, Seasonal NDVI, and Seasonal Cumulative NDVI

Using the NDVI time series a metric of vegetation persistence over time was developed [45–47].
Persistence, the increase or decrease in NDVI relative to a baseline status, was calculated on the time
series to explore long-term spatial trends in vegetation. This research is incorporating the use of
the persistence metric over other time-series type approaches such as regression analysis, wavelets, or
fourier type techniques which have all been developed and used in recent years [48–52]. The concept
for vegetation persistence comes from initial work by [53,54] both of whom argued for a benchmark
approach to detecting time-series behaviors. Given the important role of climate and question of
patterns of vegetation change in many regions—these ideas were integrated into the development
of the directional persistence metric (D). This tool has the advantage of reporting at a pixel level
scale, and facilitates the identification of areas of statistically significant changes across the landscape.
The concept of using the benchmark or baseline conditions also allows the user to evaluate the role
of a particular event or policy and its impacts on the landscape. A user can determine the level of
statistical significance, split up the data based on their specific questions (e.g., monthly, annual etc.)
and is computationally simple to run and easy to interpret. There is no assumption of linearity in
the trend and the potential uses for such a technique are therefore quite diverse. As such, the use of
the directional persistence metric allows for the detection of inter-annual changes that are different
from what might be expected at random in seasonal NDVI, in a spatially explicit manner, and with
predetermined critical levels of statistical significance. Persistence works by assigning a value of +1 or
−1 to each year/season depending on whether the NDVI value exceeds the base value (here 1982–1986
seasonal values) or not. The summation of this dichotomous variable over the years is then mapped
and analyzed statistically via linear regression and change point statistics.

Persistence was developed using monthly NDVI data compiled from AVHRR time series.
Specifically, we utilize a measure called directional persistence, which indicates the overall direction
of landscape change (increasing/decreasing) relative to a fixed benchmark condition (which could
be tied to a climatic event, policy change, etc.) on a per pixel basis [45–47]. This metric is based on
the principal of the random walk process, such that at any point in time, the likelihood of an increase
versus a decrease in a value is identical (i.e., 0.5 probability) as this is a Bernouli random process. Each
step is thus independent of the previous step, as in each value is compared to the baseline period only,
and not to the previous time step. Therefore, the metric is the sum of the number of positive versus
negative steps, which is very different from a regression type approach, which assumes a continuous
linear process. As we know, in landscape change patterns are often discontinuous in time and space,
and we wish to pick up these patterns more clearly, without the assumption of continuous processes.

For this study, seasonal baseline values are computed from 1982–1986, for comparison with
the 24-subsequent seasonal NDVI values. This baseline period is representative of normal climate
regimes across the region, i.e., no extreme multiyear drought events. Included in the baseline period is
one El Niño event (1983), but throughout the rest of the time series there are other El Niño events, so
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having this in the baseline is representative of traditional climate regimes. The selection of the baseline
period is obviously key to the interpretation of the results. Here, we wished to evaluate the longest
period of time possible and to compare our results to what could be considered to be a typical baseline
period. As such we selected a 5-year initial period to create our baseline. This was determined to be
variable and representative in terms of climate, the main driver here, in that it did include an El Niño
year. As you can see form the climate figures (Figures 2 and 3), the period is not unusual in anyway
and thus was deemed representative of a normal climate. As such, we then compared the following 24
years (1987 through to the end of 2010) to this initial period to allow us to investigate any potential
trends or changes in landscape level vegetation persistence over this region. Of particular interest are
clusters of similar patterns and variation over space in terms of significant results. We wanted to insure
the longest possible record of data while also insuring the initial baseline period was representative of
typical conditions. Figures 2 and 3 highlight the seasonal climate trends throughout the entirety of
the time series.

Directional persistence, D, is the cumulative direction of change over the time series relative
to the fixed benchmark observation of NDVI (1982–1986 seasonal average), during a sequence of
observations of a particular time period, in this case season (j), is derived as:

Dj =
n−1

∑
i = 1

ti,j (1)

Vcrit < Vi,j : ti,j = +1 (2)

Vcrit > Vi,j : ti,j = −1 (3)

where Dj is the directional persistence for a given season j, and Vi,j is the seasonal NDVI (DJF, MAM, JJA,
and SON), in year i, season j. For example, Vcrit is the critical benchmark NDVI value for observations
made in MMA (j = 1), JJA (j = 2), SON (j = 3), or DJF (j = 4). A value of +1 is assigned to ti,j when
the pixel for that year and season records a value of NDVI greater than the benchmark (Vcrit), and −1
for observations less than Vcrit. Theoretically, as NDVI is a continuous variable bounded by −1 and +1,
identical values of NDVI are impossible. Predetermined critical levels of statistical significance, based
on a random walk statistic, highlight the nature and extent of changes across the landscape beyond
which might be expected at random and which are possibly indicative of degradation or other changes
(see [45–47] for more details). The directional persistence (Dj) in this case yields a maximum range of
−23 to +23 with the critical value of (α = 0.025) ±11 [45].

The persistence metric permits an objective identification of trends in vegetation across the globe
for the last 29 years, highlighting regions of statistically significant change [21]. We will explore
the spatial relationship between trends in persistence of vegetation and climate drivers at the regional
scale to improve modeling of vegetation systems and thereby inform land use planning, management
and policy, on regional and local scales.

Additionally, to analyze the interannual and intra-annual NDVI patterns two metrics were
constructed that highlight the amplitude of greenness change. First, to analyze interannual variability,
for each season (DJF, MAM, JJA, and SON) the NDVI values for the three-month seasonal (DJF, MAM,
JJA, SON) period were summed. This seasonal NDVI has a theoretical range of +3 to −3. This
seasonal NDVI time series was used to highlight the difference between seasonal greening patterns
and the change in each season from year to year. Change point analysis was conducted to highlight
the regimes across seasons over the time series (‘changepoint’ R package; [55]). Overall, the change
point analysis looks to identify the location of multiple points of changes within a time series. At its
simplest change point analysis/detection is an estimation of the point at which the statistical properties
of a sequence of observations change [55]. According to the authors of [56], change point analysis
essentially answers two questions key to time series analysis: (i) is there a statistically significant
change in the distribution of values across the time series and (ii) when does this change occur?
In this study, the change point analysis was developed based on a mean-variance statistical premise,
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meaning if the seasonal NDVI values of a pixel did not change significantly during our period of
study the change point analysis would not highlight any inflection points. In contrast, if the pixel has
seen statistically significant changes in vegetation production and therefore altered seasonal NDVI
the result would be a new lower or high regime after that change. With such analyses there are three
common methods for multiple change-point detection segmented neighborhood, binary segmentation,
and the pruned exact linear time algorithm (PELT) [57]. In this study, the PELT algorithm was used
as it has been more robust and computationally efficient. The change point analysis in the study was
not constrained by a pre-defined number of regimes, instead statistically significant (p < 0.05) changes
were defined by the analysis parameters. Meaning that across the basins and over the different seasons
different numbers of change points were detected. Second, a total seasonal accumulation metric was
calculated where every individual seasonal NDVI value was summed over time, such that a total
cumulative NDVI (by season) was created. For such data, linear regression analysis techniques were
utilized. By analyzing the linear trends in NDVI, we can illustrate changes over time, for example,
the difference in total cumulative seasonal NDVI slope by basin.

3. Results

3.1. Climate Patterns

While precipitation is most commonly noted in the literature as the driving force of spatial
heterogeneity across the landscape recent studies have emphasized the impact of temperature, in
terms of constraining greening processes [19,20]. While both variables are highly influential in their
own right, it is the cumulative impact of changing climate regimes that is driving landscape processes
across savanna landscapes.

In terms of the precipitation regimes across the study area, we see very different seasonal trends.
In JJA there is no change in the long-term total precipitation across any basin (Figure 2D). In the start
of the wet season and throughout its progression (SON and DJF; Figure 2A,B), the total precipitation
over time is relatively constant (not significantly increasing or decreasing), with trends holding across
the three basins. Within these same seasons there are decreases in the spatial variability of precipitation,
especially in DJF (Figure 2E,F). Towards the end of the wet season, in MAM, there is a notable increase
in precipitation across all of the basins (Figure 2C). In this same season, the spatial variability of
precipitation continues to decrease, especially in the Okavango and Zambezi basins. The decrease in
variance of precipitation across the seasons reflects the decreasing spatial variability of precipitation
patterns over the last 30 years (Figure 2E–H).

Temperature trends, unlike precipitation, have undergone changes across every season. In general,
temperatures have steadily increased over time, in every basin of the study area (Figure 3A–D).
The greatest change in temperature occurred in the dry season (JJA and SON), though wet season (DJF
and MMA) temperature increases are also seen, except for the Kwando in DJF. Increasing temperatures
will induce changes in the soil available moisture regime even at times of steady to slightly increasing
precipitation. The change in the evaporative effect results in changes to the soil water balance system
wide. Overall, the Zambezi basin had the steepest positive slope in terms of increasing temperature.
Temperature variance across space, shows more varied changes and trends across seasons and basins
(Figure 3E–H). In SON, there is no change in the variability, except for the Zambezi basin where an
increasing trend is seen. Across all basins the spatial variability of temperatures decreased in DJF
and JJA. Lastly, in MAM there is a slight increase in variability in the Kwando.
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Figure 3. Seasonal mean (A–D) and standard deviation (E–H) of temperatures in degrees C across
the Okavango, Kwando, and Zambezi from 1982–2010. The thick orange line at the bottom of each
figure represents the seasonal baseline period used for the persistence analysis.

3.2. Directional Persistence

3.2.1. March, April, May Trends

Across the entire study area, there was a north-south pattern of persistence for MAM. The northern
portions of the study area exhibited a more negative trend, whereas, the southern portion was
associated with more positive persistence values (Figure 4). If we look at the trends per basin for
statistically significant persistence values, the Okavango exhibits clusters of negative persistence
values in the northern portion into Angola. The Delta portion of the Okavango mostly was comprised
of positive persistence values. Overall, 15% of the Okavango exhibited positive persistence values
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and 11.1% negative persistence (Table 1). The Kwando basin, which was overwhelmingly positive
in persistence (28.2%), showed a slight north to south difference in persistence values. Overall,
across the Kwando only 3.6% of the landscape was statistically significant negative persistence, but
the majority of this occurred in the northern portion of the basin as it reaches into Angola. The north
to south variation continues in the Zambezi basin, with 18.4% of the landscape exhibiting positive
persistence values and 7.1% having negative persistence (Table 1).

3.2.2. June, July, August Trends

During the dry season, from June through August, vegetation is senescing. Even taking that
into account, the persistence values across the entire study area are mostly negative (Figure 4B). With
the Okavango having 36.1% of its pixels as statistically significant negative values, the majority of
which occur in Angola (Table 1). However, within/around the Okavango Delta itself, there is a mix of
positive and negative persistence values. In the Kwando basin, 30.4% of the landscape is statistically
significant negative persistence values. While the negative persistence values are spatially aggregated,
there is a clear pattern of higher negative values within Angola. Approximately 0.4% of the Kwando
is showing a statistically significant positive value in this dry season, which could be indicative of
slower senescing of grasses. Lastly, in the Zambezi there is a distinct trend in the persistence values.
Statistically significant negative values occur across 17% of this catchment, whereas the positive values
only occur across 4.2% of the catchment (Table 1). There could be multiple drivers for this spatial
aggregation of persistence but it appears that low-lying (potentially seasonally-flooded) regions can
explain the differential greening.

Table 1. Percentage of study area, by basin, with statistically significant trends in directional persistence
of NDVI for 1982–2010 time series by season. The critical value of directional persistence (α = 0.025) is
±11.

MAM JJA SON DJF

%
Statistically
Significant

Positive

%
Statistically
Significant
Negative

%
Statistically
Significant

Positive

%
Statistically
Significant
Negative

%
Statistically
Significant

Positive

%
Statistically
Significant
Negative

%
Statistically
Significant

Positive

%
Statistically
Significant
Negative

Total 19.5 7.5 2.7 25.2 2.5 46.8 16.5 12.2
Kwando 28.2 3.6 0.4 30.4 1.1 67.6 18.2 6.8
Okavango 15.0 11.1 1.9 36.1 1.6 47.5 9.2 12
Zambezi 18.4 7.1 4.2 17.0 3.7 37.9 20.1 14.5
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Figure 4. Vegetation persistence analyses for 1987–2010 compared to the baseline conditions for 1982–1986, across seasons (A) MAM, (B) JJA, (C) SON, and (D) DJF.
The red boundaries outline the different drainage basins across the study area. Part I shows all the persistence values across the study area; whereas, part II shows
the significantly positive or negative persistence values only.
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3.2.3. September, October, November Trends

Like the JJA season, a negative persistence trend is seen across the majority of the study area in
SON (Figure 4C). This season is representative of the latter portion of the dry season and the onset
of the wet season. Given the delay in precipitation starting [58] and so later greening of vegetation,
little greening would be expected in this season. The change in NDVI that is occurring is indicative
of the grass component. In terms of persistence values across the three catchments, 38–68% of
the landscape has statistically significant and negative persistence values (Table 1). The majority
of both the Okavango and Kwando basins exhibit negative values of varying degrees of statistical
significance. The Zambezi portion of the study area near the border between Angola and Zambia
demonstrates positive persistence of vegetation, though elsewhere the trend is predominately negative.

3.2.4. December, January, February Trends

Across the entire study area in the DJF season there is no distinct persistence trend, as seen in other
seasons (Figure 4D). In each of the basins there are clusters of positive and negative persistence values.
For example, positive persistence clusters are seen in the Okavango Delta and at the Angola/Zambia
border stretching into northern Namibia. Overall between 9–20% of the landscape has statistically
significant positive persistence values, whereas, 7–15% has statistically significant negative values
(Table 1).

3.2.5. Overarching Trends

The majority of the study area exhibited statistically significant persistence trends across
the seasons (Figure 4; Table 1). The previously mentioned breakdowns by percentage did not include
areas where the persistence was not statistically significant. In several portions of the study area we
see a switch from season to season in terms of the persistence values. The statistically significant
positive or negative persistence are not indicative of complete landscape change rather they highlight
seasonal variation in NDVI patterns. To further understand the drivers and temporal trend the NDVI
accumulation metric is utilized.

3.3. Seasonal Accumulation Patterns

The seasonal NDVI accumulation metric (Figure 5) illustrates the seasonality of the system
with the dry season (Figure 5B,C) and the wet season (Figure 5A,D) showing very different trends.
Additionally, the metric highlights the differing precipitation trends across the study area, driven by
the migration of the Inter Tropical Convergence Zone (ITCZ) and its effect on landscape greening
(Figure 5). In SON, the end of the dry season and start of the wet, we see that the northern portion
of the study area exhibits high accumulation values (Figure 5C). This portion of the study area is
the first impacted by the southwards migration of the ITCZ. Across DJF we see that more of the study
area is exhibiting high accumulation values. By this time in the season the lag between the onset of
precipitation and vegetation greening has passed. In DJF, we would expect a ramp up of vegetation
productivity and that is what is seen. MAM exhibits similar accumulation values as DJF, though in
the southern portion of the study area there are noted declines across the two seasons. This decline can
be associated, again, with the change in the ITCZ location. Lastly, in JJA, lower accumulation values
are seen across the landscape, but especially for the southern portion. This is a time of water stress
in the region and low productivity. If we look at this NDVI accumulation temporally, in addition to
spatially (Figure 5), we can see what is driving the positive and negative persistence values.
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Figure 5. Total NDVI accumulation across by season for 1982–2010. for (A ) March, April, May [MAM];
(B) June, July, August [JJA]; (C) September, October, November [SON]; and (D) December, January,
February [DJF]. The red boundary highlights the drainage basins across the region.

3.3.1. Time Series Analysis

When coupling the persistence and previously described climate trends, we can explain in detail
the NDVI time series trends. In the wet season, spanning DJF and MAM, across all catchments, a flat to
slightly increasing NDVI trend is seen over time (Figure 6). This increasing trend of greenness is linked
with the trend in precipitation. Additionally, if we link back with persistence, we see that these two
seasons both have high proportions of the landscape with statistically significant positive persistence
values. Several years stand out across all basins as having anomalously high NDVI, mostly in the MAM
season, including: 1988, 1998, 1999, and 2010. The latter three years were moderate La Niña years.
In 1987, 1992, and 2002, all of which are El Niño years, there were low seasonal NDVI values.

In the dry season, the combination of increasing temperatures and little to no precipitation
results in diminished soil available moisture and therefore less potential for vegetation to green.
In the dry seasons (JJA and SON) we see that NDVI values have a decreasing linear trend over time
(Figure 6). These seasons were also when negative persistence values were seen across the majority
of the landscape. This suggests that the dry season is getting drier and the vegetation cover is either
senescing faster, dying off, or converting to a less biologically productive and potentially lower
photosynthetically active cover type.

Overall, the pattern of the directional persistence highlights the all-encompassing impact of both
abiotic and biotic drivers of landscape change. However, teasing apart the pattern of persistence
requires an evaluation of the main drivers of spatial heterogeneity, in this case climate, and the trends
in the NDVI themselves. Of the three catchments, the Zambezi receives the highest mean annual
precipitation, which has been maintained or increased across the time series, but has also seen large
increases in temperature across every season. The combination of sustained precipitation and increased
temperatures leads to long term decreases in water availability. Hand in hand the increased variability
in soil available moisture has led to large-scale changes in greening as seen in the directional persistence
and seasonal NDVI. The seasonal NDVI has shown greater senescence or browning down of vegetation
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over time, especially in SON and JJA. Like with the Zambezi, in the Kwando and Okavango catchments
the directional persistence and seasonal NDVI show broad scale decreases in vegetation in SON
and JJA but a more mixed spatial and temporal pattern in DJF and MAM, all of which can be linked to
the pattern and spatial variability in the climate variables.
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Figure 6. Seasonal (SON, DJF, MAM, JJA) NDVI totals (A–D) and standard deviations (E–H) across
the Okavango, Kwando, and Zambezi from 1982–2010.

If we look at the overall trajectory of the cumulative NDVI the aforementioned patterns are
highlighted, as we see differential slopes across basins and seasons (Figure 7; Table 2). The slope
of the cumulative NDVI gives a quantitative output indicative of the greening trajectory. Across all
seasons the Zambezi catchment had the steepest linear slope (SON = 1.64, DJF = 2.06, MAM = 2.14,
and JJA = 1.68), whereas the Kwando catchment has the smallest slope in every season, though
the Okavango has similar slopes to the Kwando. The NDVI accumulation highlights not only
the different degrees of greening across the basin but also the degree of seasonal variation in greening.

Table 2. Comparison of regression slopes for the cumulative NDVI by basin and season. Slope
represents the cumulative increase in NDVI each year.

Basin Season Slope

Kwando

SON 1.34
DJF 1.87

MAM 1.85
JJA 1.44

Zambezi

SON 1.64
DJF 2.06

MAM 2.14
JJA 1.68

Okavango

SON 1.45
DJF 1.90

MAM 1.88
JJA 1.50
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Figure 7. Cumulative NDVI across each season (DJF, JJA, MAM, and SON) for the three drainage
basins in the study area.

3.3.2. Change Point Analysis

Through the persistence and other NDVI metrics we have highlighted the degree to which
vegetation greening has changed across the three basins and even pinpointed years of greatest change.
To relate the climate trends with the persistence and NDVI accumulation, a change point analysis was
undertaken. Such analyses highlights regimes across the basins in each season for the NDVI data.

The NDVI seasonal values show distinctly different regimes over time according to the change
point analysis (Figure 8). In the SON season, we see that two distinct regimes occur across all basins
with the earlier portion of the time series exhibiting higher NDVI values compared to the latter portion.
The one season not exhibiting changes in the long-term greening regimes is DJF. In this season, all
basins are showing high interannual variability but consistency in the long-term mean. In the latter
portion of the wet season (MAM) there are no consistent regime changes across the basins. The dry
season, the height of which is exhibited in JJA, shows a similar trend as SON, meaning that the latter
portion of the time series has lower NDVI values than the beginning.
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4. Discussion

4.1. Physiological Trends and Drivers of Spatial Heterogeneity

The ecological, environmental, and social dynamics of the KAZA study area have been extensively
studied for decades and the story echoed in the majority of articles is that climate is the key driver
of ecosystem function for the region [19,20,34,46,59]. In this article, via novel time series remotely
sensed metrics, we emphasize that climate is the main driver of spatial heterogeneity of vegetation
cover in the study area and further decompose the driving forces to look at the impacts of temperature
and precipitation separately on the landscape. The climate analysis highlights changes to both
precipitation (spatially and temporally variable pattern), temperature (increasing trend), and a change
in the overall spatial variability of these drivers of spatial heterogeneity. With increased temperatures,
there is a greater evaporative demand that is not offset by the precipitation inputs. During the time
frame of this analysis in three seasons (SON, DJF, and MAM) there were increases, in total precipitation.
Additionally, in these seasons there were large decreases in the spatial variability of precipitation,
though this trend differed across the basins. However, in JJA there was no distinct change in the regime
of seasonal precipitation, though the variability greatly decreased. The major change in climate
for the area is related to temperature, as higher temperatures were seen in almost all basins across
all seasons. While the precipitation was maintaining the long-term trend or slightly increasing,
the increased temperature will result in a large reduction in available soil moisture and will therefore
impact the greening trends exhibited.

In both the persistence and the NDVI accumulation, we can infer the impact of change in available
soil moisture. The landscape-level negative persistence values and changing regimes in the NDVI
accumulation for SON, MAM, and JJA highlight the increased aridity of the KAZA region, even with
the increased precipitation.

Across southern Africa, moisture availability has a strong positive relationship with vegetation
abundance [7,14,21]. Across seasons and years, we show that vegetation trends, via persistence
and both NDVI metrics, have decreased in terms of amount and greenness, perhaps an indication of
degradation. While we cannot specifically indicate which vegetation, structural type is experiencing
the reduction in cover, we can hypothesize based on structural group response to long-term reduction
in available soil moisture. The reduction in cover can be linked to either a total loss of vegetation
(increased bare ground) or a transition in the dominant vegetation cover. As the authors of [1] state,
the circumstances leading to state or demographic transitions differ across savannas, and interannual
variability in rainfall often triggers such transitions. In times of high precipitation, grass productivity
is increased, promoting fire and leading to the suppression of woody vegetation sapling growth.
This implies that the accumulation of non-woody vegetation, especially C4 grasses, is linearly
and tightly controlled by the intra-annual variability in the start of the wet season and the amount
of precipitation [1]. However, in the more arid savannas, increased precipitation promotes tree
establishment too, sometimes suppressing grass development [1]. Recent research on the drivers
of landscape change across southern Africa highlights the importance of temperature in dictating
potential vegetation abundance via limitations in soil moisture because of increased evaporation or
increased fire susceptibility [19]. The increased temperatures seen across all months of all basins
would alter the water balance regime of the region, leading to an overall decrease in soil moisture
availability. The cumulative impact of increased temperature and alterations to precipitation amounts
and variability will have differential impact on landscape patterns across savanna ecosystems.

4.2. Climate Change

In a region, such as KAZA, where humans rely on rain-fed agriculture and the resources extracted
from the savannas, there are potentially significant economic problems in the future. Currently, there is
no specific climate change policy in place, but in Namibia a climate advisory committee was established
in 1997 [33]. While there have been several attempts at the international level, i.e., Kyoto Protocol
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and Copenhagen, none of these policies are directly seeking to combat the water scarcity problems
facing southern Africa.

In terms of the resilience of savanna landscapes, climate change induced alterations in water
availability and soil water balance may exacerbate the complex states, pushing the system to cross
tipping points, which for this study area would result in more arid to hyper arid conditions [60].
There is a strong correlation between climate variables (precipitation and temperature) and vegetation
abundance/greenness. With projected increases in precipitation variability, decreases in overall
precipitation amount, and increases in precipitation-related extreme events, associated vegetation
changes should also be expected [34]. It has been suggested that high variance at the arid end
of the precipitation gradient, and not low mean annual rainfall is what matters most in terms
of woody vegetation growth [60]. Under projected climate change conditions, where increased
variability is predicted, the resultant climate would have major repercussions on tree cover. For
example, the authors of [14] found that changes in precipitation may considerably affect distribution
and dynamics of savanna, potentially leading to changes in state or further bush encroachment.
Since savannas are anticipated to be among the ecosystems that are most sensitive to future climate
changes [61–63], a thorough understanding of factors that structure savanna communities is necessary
in order to guide management efforts [14,64,65].

How differing vegetation types (C3 and C4 plants) respond to climate change is a key theme
in current ecological research. The authors of [66] found that elevated CO2 concentrations should
favor tree and woody plants (C3 vegetation) over herbaceous species (C4) in Africa. The basics
of plant physiology are the causation for such projected woody plant dominance under climate
change conditions. Essentially, woody vegetation uses the C3 photosynthetic pathway, which is
favored under higher CO2 concentrations [11]. Conversely, most herbaceous vegetation in grasslands
and savannas utilize the C4 photosynthetic pathway [1]. Temperature also influences tree-versus-grass
ratios in ecosystems, though there is a general consensus in the literature that projected CO2 changes
overwhelms the impacts of changing temperatures [66]. In general, it is thought that with higher
temperatures, C4 grasses will dominate over C3 trees [1]. With only a slight increase in tree
cover, a cascading effect can take place to make woody vegetation suppress herbaceous vegetation.
More woody vegetation will suppress herbaceous production through both light competition
and decreased fire sensitivity [66]. As the authors of [66] stated, even minor increases in woody
vegetation cover, “further increases the likelihood of the system tipping from a C4-dominated state
to a C3-dominated state”, essentially changing to a woody savanna or woodland. Under climate
change overarching global projections indicate an increase in woody vegetation, and the potential for
grassland ecosystems to become more savanna/woodland systems.

4.3. Implications for the Developed NDVI Metrics

Persistence and the associated NDVI metrics were developed at a coarse spatial resolution using
AVHRR data. This data, while coarse and not ideal for plant community level work, is suitable for
detecting trends across the landscape given its high temporal frequency and longer temporal extent.
In order to address specific plant community assemblages and their long-term trend and persistence
fine level remotely sensed data and in-depth field studies are essential.

5. Conclusions

Numerous articles have focused on the impacts of soil moisture (precipitation and temperature)
on vegetation patterns in savanna landscapes. In this study, we show that climate induced reductions
in NDVI (i.e., degradation or biomass decline) have had large spatial and temporal impacts across
the Kwando, Okavango, and Zambezi catchments of southern Africa, regions deemed arid to semi-arid
savannas. We conclude that over time there have been alterations in the available soil moisture
resulting from increases in temperature in every season. Such changes in the ecosystem dynamics of
all three basins are leading to system-wide changes in landscape greening patterns. From March to
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August we show that vast portions of the study area have statistically significant negative persistence
values, indicative of increased browning down of vegetation, whereas DJF and MAM illustrate a higher
proportion of statistically significant positive persistence values. Given the changing climate regimes
and resulting persistence values, our results could be indicating a shift in the landscape. As climate
change further impacts this and similar landscapes across Southern Africa, significant changes in
vegetation cover amount and type will likely occur. Managers need to plan for such shifts in vegetation
type and also in timing and frequency of extreme events. Current trends over the last thirty plus years
can be used to highlight the types of changes already occurring, in order to predicate future planning
and management regimes. The need to better understand these changes and explain their behavior
is critical, as climate changes continue to occur across this region, and future climate scenarios are
predicted to increase even more in terms of absolute increase in temperature and increased variability
of precipitation. This landscape is changing and we need to manage and plan for what the future
will bring.
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