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Abstract: Increasing temperatures and wildfire incidence and decreasing precipitation and
river runoff in southern Africa are predicted to have a variety of impacts on the ecology,
structure, and function of semi-arid savannas, which provide innumerable livelihood
resources for millions of people. This paper builds on previous research that documents
change in inundation and fire regimes in the Chobe River Basin (CRB) in Namibia and
Botswana and proposes to demonstrate a methodology that can be applied to disentangle the
effect of environmental variability from land management decisions on changing and
ecologically sensitive savanna ecosystems in transboundary contexts. We characterized the
temporal dynamics (1985–2010) of vegetation productivity for the CRB using proxies of
vegetation productivity and examine the relative importance of shifts in flooding and
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fire patterns to vegetation dynamics and effects of the association of phases of the
El Niño—Southern Oscillation (ENSO) on vegetation greenness. Our results indicate that
vegetation in these semi-arid environments is highly responsive to climatic fluctuations
and the long-term trend is one of increased but heterogeneous vegetation cover.
The increased cover and heterogeneity during the growing season is especially noted in
communally-managed areas of Botswana where long-term fire suppression has been
instituted, in contrast to communal areas in Namibia where heterogeneity in vegetation cover
is mostly increasing primarily outside of the growing season and may correspond to mosaic
early dry season burns. Observed patterns of increased vegetation productivity
and heterogeneity may relate to more frequent and intense burning and higher spatial
variability in surface water availability from both precipitation and regional
inundation patterns, with implications for global environmental change and adaptation in
subsistence-based communities.
Keywords: vegetation dynamics; southern Africa; climate change; remote sensing;
savannas; human-environment interactions

1. Introduction
Decades of steadily improved change-detection capabilities using long-term, repetitive satellite-derived
data has greatly facilitated our ability to monitor worldwide environmental parameters, such as
vegetation dynamics [1]. Accurate and consistent measurement of vegetation patterns is especially
important in highly variable landscapes such as semi-arid savannas [2–4]. Quantifying changes in
vegetation cover is critical not only to assess current rangeland and agricultural conditions, but
particularly to improve the predictive capabilities of climate models and enable them to better capture
vegetation variation induced by the influence of large-scale climate teleconnections, such as the
El Niño–Southern Oscillation (ENSO), on precipitation patterns [5,6]. This paper examines trends in
vegetation indices for the Chobe River Basin (CRB), a trans-boundary watershed shared between
Namibia and Botswana in southern Africa, and links these patterns of change to regional climate patterns,
seasonal inundation pulses, and inter-annual fire regimes using a spatial coincidence analysis. Significant
vegetation changes have occurred in this key transfrontier conservation region in the last thirty years
caused by a complex interplay between significant increases in wildlife populations, decreases and
variability in rainfall and river inundation extents, and increasing human population and rangeland
utilization by cattle [7–9].
Increasing populations of livestock, wildlife and people in the CRB (especially in the Zambezi
Region, previously known as the Caprivi Strip of Namibia) all influence the percent tree to grass cover
ratio, and thus the level of greenness, in this predominantly woodland savanna interspersed with
settlements, agriculture and grazing lands. Growing human population pressure has led to an increase in
agricultural activities, primarily slash and burn, fire being the most viable land management tool for
subsistence farmers for millennia [10]. Grazing has also been a factor of change in these savanna
ecosystems, and with increasing human populations and demands on savanna ecosystem productivity,
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the impact of grazing is increasing, which may have a positive feedback on biomass availability, fuel
loads, and fire intensity and frequency [11]. Specifically, more grazing leads to reduced fuel loads,
minimizing the intensity and damage of fires but also subsequently creating opportunities for woody
vegetation growth. In the absence of fires the growth of woody vegetation is no longer limited, causing
semi-arid savanna grasslands to become closed [12,13]. Therefore, grazing and its negative effect on fire
frequency, when coupled with droughts, can have strong impacts on vegetation alterations leading to woody
species [14–16]. In turn, increased shrub densities have negative effects on livestock carrying capacity,
biodiversity, and soil moisture availability [17,18]. The increasing elephant (Loxodonta africana)
populations in southern Africa are also modifying savanna vegetation, and this can result in conversions
of woodlands to shrublands, in some areas at a rapid pace [9,19,20]. The interaction among these
proximate drivers of change highlights the complexity of these systems.
Underlying these more proximate drivers in African dry land ecosystems are the effects of climate on
vegetation dynamics, primarily through rainfall variability in relation to ENSO [21–24]. Generally, in
southern Africa, warm phase ENSO events (El Niño) increase the chances of receiving below-average
rainfall and can cause droughts that negatively influence vegetation productivity and lead to overall
reductions in biomass in the main crop-growing season [25]. However, not all areas in southern Africa
are similarly affected with large spatial variation on the timing, frequency and duration of rainfall during
an El Niño year influencing subsequent vegetation condition. In addition, the effects of flooding and
how flooding might interact with other factors in driving landscape-level vegetation dynamics is
important but less well known [26]. Pricope [27] created a flood frequency index for the CRB that is
used in the current analysis to evaluate vegetative response to different flooding frequencies in the
expansive floodplain of the CRB. Westbrooke et al. [28] have shown that flooding was the most
important factor for determining changes in vegetation composition in an arid basin in Australia, while
fire and grazing were of much less importance, as water availability directly affects rooting depth for
grasses versus shrubs. Similarly, in the semi-distal areas of the Okavango Delta in Botswana,
Ringrose et al. [29] concluded that water-table lowering, driven by localized desiccation and resulting
in increased soil salinization, led to invasions by relatively deeper-rooted woody vegetation. Westbrooke
and Florentine [26] also showed that perennial grass and perennial shrubs are the most likely to be
influenced by rare flooding events which means that water availability is a significant control in
grassland-to-scrub transitions [4]. As surface layers become drier, the density of shrub species increases
and species are selected based on their ability to access water in deeper layers of the soil horizon.
In order to understand such spatially and temporally variable vegetation productivity conditions,
especially over longer time scales, we typically employ remotely-sensed vegetation indices such as the
normalized difference vegetation index (NDVI). NDVI is a well-known remotely-sensed proxy for the
amount of standing biomass in a given area. NDVI is based on a ratio of red and near-infrared
wavelengths ((NIR − Red)/(NIR + Red)) due to the different reflectance and absorption properties of
chlorophyll, a pigment found in the leaves of plants [30]. NDVI is well correlated with the amount and
seasonality of above-ground net primary production and vegetation biophysical parameters such as leaf
area index, green leaf biomass, and leaf photosynthetic activity [23,31].
In this study, we analyzed changes in patterns of growing-season and multi-temporal vegetation
indices over a twenty-five year period (1985–2010) as a function of changes in patterns of fire and
flooding along with a climatic differentiation between warm and cold ENSO phases [32] for the last
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decade in a spatial coincidence analysis framework designed originally for this paper. Prior work had
documented the impacts of climate variability on flooding and fires regimes in the CRB [27,33], and we
extended these analyses to examine the associations for all three phenomena with vegetation condition,
as measured by NDVI. We used NDVI, calculated from 1985 to 2010 using data from two satellite
platforms, specifically emphasizing the 2000 to 2010 period for which fire extent data was available.
Based on indices of inundation and fire recurrence regimes for this region, we determined the level of
association between the spatial patterns of NDVI variability and patterns of vegetation change through time.
Informed by work by Pickup and Foran [34] and more recent work [35–38], we used mean-variance
analysis, a form of graphical dynamical systems analysis previously used successfully in dry land
ecosystems with remotely-sensed data. Mean-variance analyses are based on established empirical
relationships that show that the location of statistical vegetation parameters such as mean and variance
in a Cartesian space can be correlated to field measurements of vegetation heterogeneity, homogeneity
and overall vegetation productivity. Such mean-variance plots are generally used to describe the seasonal
and inter-annual response of vegetation to climate and disturbances as a function of the mean greenness
(a proxy for the degree of vegetation cover) and the vegetation variance, which measures the degree of
heterogeneity in vegetation cover [1,35,36].
Specifically we addressed the following objectives: (1) describing vegetation dynamics in CRB
over 25 years in the context of warm and cold ENSO phases using mean-variance analysis;
(2) determining how the variability in vegetation productivity varies between differentially-managed and
differentially-populated communal lands in Namibia and Botswana; and (3) supplementing mean-variance
analyses with an analysis of the spatial patterns of vegetation productivity in relation to two important
drivers of change (flooding and fire) to provide an initial assessment of the relationship between these
factors of change and spatial patterns of vegetation productivity and change. Understanding the
differential effects of hydro-climatic and management regimes on seasonal and long-term vegetation
dynamics is important not only for assessing shifts in vegetation structure and composition but also due
to the large dependency of human populations and local economies on the intricate relationship between
habitat quality and wildlife-based tourism [39].
2. Materials and Methods
2.1. Study Area
The Chobe River Basin (CRB) is a multinational watershed extremely rich in wildlife, centrally located
in the world’s largest transfrontier conservation areas (~440,000 km2), the Kavango Zambezi Transfrontier
Conservation Area (KAZA-TFCA), established in March 2013 [40]. The basin (~2500 km2) includes parts
of both Namibia and Botswana and, correspondingly, a mosaic of different land-use managements. It
consists of communal lands predominantly utilized for livestock grazing in Botswana (Chobe Enclave
Community Trust, CECT) or subsistence agriculture and grazing in Namibia (Salambala Conservancy).
The CRB also includes two differently-managed forest reserves (Chobe and Kasane Forest Reserves), three
national parks (Chobe National Park in Botswana, and Mudumu and Mamili National Parks in Namibia),
and a rapidly-urbanizing area, the town of Kasane, Botswana, which is a regional tourism attraction
(Figure 1). More details about each specific land management unit are given in the paragraph below, with
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emphasis on the dynamics of vegetation in two communal areas that are fully contained in the CRB and
where management regimes and human and livestock densities vary significantly.

Figure 1. Study area in Southern Africa: Chobe River Basin (made up of the Chobe-Linyanti
River basin, Mamili Wetland and Zambezi Wetlands, represented by light blue, transparent
polygons) and the main land use categories in the basin, highlighting the Salambala
Conservancy (Namibia) and the Chobe Enclave Community Trust (CECT, Botwana) in
orange. The Chobe-Linyanti and Kwando rivers mark the boundary between Namibia (to the
north) and Botswana (to the south).
At the heart of the CRB and a major tourist attraction and economic engine for this region of KAZA
lies Chobe National Park (10,566 km2), established in 1967, the second largest park in Southern Africa.
Although on the Namibian side of the Chobe River, which marks the boundary between Namibia (to the
north) and Botswana (to the south), two other national parks overlap with parts of the CRB and are
wildlife refuges and more minor tourism hubs. These national parks were established in 1990 and are
much smaller by comparison, namely Mudumu NP (national park) (737 km2) and Nkasa Rupara NP
(320 km2), both situation in Namibia. The communal lands (organized and managed as communitybased organizations in Botswana and conservancies in Namibia) in both countries are primarily used for
subsistence agriculture, cattle grazing, and photographic and hunting safaris. While both communal
lands lie within the floodplain of the Chobe River and are used very similarly, there are marked
differences in terms of fire policies. Botswana promotes complete fire suppression in all land use units
while in Namibia, after the 1996 fire suppression act limiting uncontrolled fires, the government
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introduced an early dry-season, patch mosaic burn program in 2006 [33]. Salambala Conservancy, the
largest community-managed area in the Eastern Zambezi Region of Namibia, is one of Namibia’s most
biologically diverse areas despite significant decreases in wildlife numbers during the prolonged war of
independence in Namibia [41]. Chobe Enclave Community Trust (CECT), composed of only five
villages with lower overall population and cattle densities, is northern Botswana’s largest tourism-driven
community-based organization.
Geo-tectonically, our study region is part of the Kalahari Desert and is characterized by a relatively
flat terrain with little relief varying between 830 and 1050 m above mean sea level [42]. Bio-ecoregionally,
it is a heterogeneous mixed woody-herbaceous savanna ecosystem with thin alluvial and volcanic
soils [43] that ranges from Mopane (Colophospermum mopane) and scrub woodlands in the higher
elevation zones of CRB, to bushland, shrub and thicket mosaics and edaphic and secondary grasslands
mostly present on the alluvial soils used communally for agriculture, and scattered semi-aquatic and
aquatic vegetation communities in the wetlands of Mamili and Zambezi East ([44], field observations
2007 and 2009). Climatically, the CRB is located in the region of subtropical dry climates characterized
by alternating dry and wet seasons. Intra-annual precipitation variability is primarily driven by the
movement of the inter-tropical convergence zone (ITCZ), the global low-pressure system that defines
the alternating wet/dry seasons [2,45]. The wet season occurs during the summer (October to April) and
the annual average rainfall is approximately 650 mm/year [19]. At the inter-annual and decadal scale,
Indian and Atlantic Ocean sea-surface temperatures and global climate oscillations such as the El Niño
Southern Oscillation (ENSO) influence rainfall patterns [6,47,48]. The mean maximum and mean
minimum monthly temperatures during October (hottest month) reach 39 °C and 14 °C respectively,
while the coldest month is July, with a mean max temperature of 30 °C and a mean min. monthly
temperature of 4 °C [49,50].
2.2. Datasets
To measure long-term vegetation patterns and dynamics (1985–2010), we used the Advanced Very
High Resolution Radiometer (AVHRR) high-resolution picture transmission (HRTP) archived NDVI
data and the Moderate Resolution Imaging Spectroradiometer (MODIS) NDVI MOD13Q1 product, both
detailed below. We used both datasets as AVHRR was, at the time of writing this manuscript, the only
satellite that could provide temporally-dense and reliable [51] vegetation index data before 2000 when
the MODIS satellite was launched. Despite some drawbacks of using NDVI in savanna systems due to
saturation or confusion of highly reflective sand and dense vegetation [52,53], it remains the only viable
vegetation index option for conducting long-term analyses of vegetation dynamics from the 1980s. To
ensure the compatibility of the two NDVI products used in the analysis, we tested the correlation between
the AVHRR and MODIS data over the 4 years of overlap in our time series (between Jan. 2000 and Aug.
2004); the coefficient of correlation between the two time series is mean r = 0.92, while a two-tailed
T-test indicated no significant differences between them. Finally, we used rainfall values obtained from
the Tropical Rainfall Measuring Mission (TRMM) product 3B43 for the period between January 1998,
when the mission started, and August 2010 to calculate monthly averages of rainfall for CRB [54].
The TRMM data were downloaded from the NASA Mirador Earth Science database
(http://disc.sci.gsfc.nasa.gov/precipitation) and was used because the product has been shown to present
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low relative bias and good agreement with station data in tropical regions, including southern
Africa [55]. To define warm and cold phase ENSO periods, we referred to the Center for Ocean
Atmospheric Prediction Studies [32] classification based on Japan Meteorological Agency (JMA)
observed sea-surface temperature anomalies. We chose this particular categorical classification because
the JMA derivation uses observed data that selects well the known ENSO events and because we were
primarily interested in associations between ENSO phase and vegetation dynamics. Additionally, we
used a spatially-explicit recent FEWS Net [25] analysis focused specifically on rainfall conditions
associated with known ENSO phases in southern Africa which identify a total of nine warm phase ENSO
events and four cold phase ENSO events from 1985 to 2010 (marked in Figure 2).

Figure 2. Standardized monthly maximum value composites (MVC) NDVI values for
Chobe River Basin from 1985 to 2010 where green bars indicate positive departures, while
red bars indicate negative ones; 1994 and 1995 missing due to sensor outage. The pink
shading indicates warm ENSO phase years, while the blue shading indicates cold phase
ENSO events (based on ENSO data extracted from [32]).
2.2.1. AVHRR Data
A continuous series (interrupted by missing data for 1994 due to the NOAA13 sensor failure) of
623 1-km spatial resolution AVHRR maximum value composite (MVC) 10-day normalized difference
vegetation index (NDVI) HRTP images from 1985 to 2004 were acquired from the archive of the Coarse
Resolution Imagery Database (CRID) of the Institute for Soil, Climate and Water, Agricultural Research
Council of South Africa. The data provided by CRID had previously been atmospherically and spectrally
calibrated, as well as corrected for sensor degradation and satellite changes as detailed in Wessels et al. [51]
and we acquired our data directly from them. To create the monthly MVC NDVI stacks for our analysis,
the 10-day images were consecutively stacked together and a maximum value composite was calculated [56].
2.2.2. MODIS Data
The MODIS VI (Vegetation Indices) 250-m spatial resolution, 16-day data (MOD13Q1) were
acquired from USGS’s Land Processes Distributed Active Archive Center (https://lpdaac.usgs.gov/
data_access/data_pool) from February 2000 to October 2010; information on the MOD13 product
creation algorithm can be found in [57]. In addition, the MODIS Net Primary Productivity (NPP) C5
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MOD17A3 product from 2000–2009 was used as a validation source for comparing to
the basin-scale MODIS 13Q1 NDVI analysis data as different spectra are used in processing the
MOD17A3;more information on the MOD17A3 product and specifically the reprocessed data used to
create the yearly NPP composites for our study area can be found in Zhao and Running [58] and was
downloaded for validation for this study from the USGS Earth Resources Observation and Science
(EROS) website.
2.2.3. Fire and Flood Indices
Two distinct indices created in previous studies by the authors categorize fire and flood incidences,
namely a fire recurrence index (FRI) and a flooding extent index (FEI). Details on the configuration and
derivation of these indices are presented in Pricope [27] and Pricope and Binford [33]. The FEI, derived
from MODIS MOD13Q1 Enhanced Vegetation Index (16-day, 250 m spatial resolution) data for 2000
to 2010, quantified the number of months in a given year an area is inundated and was reclassified into
three classes: Areas flooded for one to three months/year, four to six months/year, and for more than
seven months during a year (see Supplementary material, S1). The FRI, created using the MCD45A1
data (MODIS Burned Area Product [59] originally at 500 m resolution but resampled to 250 m to match
the NDVI data spatial resolution) for 2000 to 2010, quantified the number of times a given area burned
in the interval analyzed [33]. The FRI data has also been reclassified into three classes: Areas that burned
between one and three times in the ten-year interval, four to six times, and areas that burned during more
than seven out of the 10 years (see Supplementary material, S2). Because the derived annual fire extent
data were available only for the 2000 to 2010 period, we focused the spatial coincidence component of
the analysis only on the last decade to be able to incorporate both the fire and the spatial inundation
extent layers into the vegetation dynamics analysis.
2.3. Data Analysis Methods
The data analysis section is composed of three distinct parts: First, we investigated the temporal
dynamics of vegetation productivity using different statistical parameters for the entire time period from
1985 to 2010, using AVHRR NDVI data until 2000 and MODIS NDVI data after 2000. The second and
third parts of the analysis added a spatially-explicit component to the temporal dynamics analysis by (a)
performing vegetation productivity change detection analyses and (b) incorporating inundation extents and
fire return intervals in the form of a spatial coincidence analysis aimed at establishing relationships between
observed vegetation changes and characteristic annual fire and inundation regimes.
2.3.1. Temporal Dynamics of NDVI in the CRB
Basin-Level Analysis
Both AVHRR and MODIS data were reprojected to the Universal Transverse Mercator (UTM),
WGS84 coordinate system using nearest neighbor resampling. Firstly, we created monthly MVC from
both the AVHRR and MODIS NDVI data and secondly, we used the monthly composites to calculate
cell-by-cell NDVI sum composites for the growing season (December through April) for each year in
the analysis from 1985 to 2010 [60]. We then calculated a coefficient of variation (CV) for each monthly

Land 2015, 4

635

MVC value as a means to capture the basin’s vegetation responses to rainfall variations (droughts and
wetter years) and disturbances that may not be obvious when measured solely with mean NDVI [61]. In
other words, the CV values (Equation (1)) were used as a measure of NDVI variability relative to the
mean-monthly NDVI values [62] and were calculated as:
CV = (σmoNDVI·μmoNDVI) × 100

(1)

where σmoNDVI represents standard deviation for the basin for that respective month and μmoNDVI is the
mean for the entire basin during a given month..
Cell-by-Cell Level Analysis
Due to the strong correlation of precipitation and NDVI (discussed specifically for this region by
Gaughan et al. [63]) and because we used a multi-sensor dataset (both AVHRR and MODIS), we
standardized growing season NDVI values on a cell-by-cell basis by subtracting the mean growing
season NDVI (μg.s.NDVI) from the respective growing season’s actual NDVI values and dividing by the
growing season NDVI standard deviation (σg.s.NDVI) across the entire study period (1985 to 2010) using
the following formula:
g.s. Std. normal deviate = (g.s. NDVIi – μg.s.NDVI)/σg.s.NDVI
(2)
where μg.s.NDVI and σg.s.NDVI are spatially averaged for the entire CRB for a given growing season and
g.s. NDVIi represents the cell-by-cell growing season NDVI value for a given year.
The use of g.s. NDVI standard normal deviates minimizes sensor differences in order to identify
NDVI anomalies across the study area with respect to the mean. Standardized NDVI values track
changes in the degree of more or less relative greenness of ground vegetation, so that negative values
represent below normal vegetation conditions potentially indicative of drought and higher values
represent above normal vegetation conditions usually associated with of higher rainfall [63]. Even
though the time period considered (25 years) is not long enough to reflect long-term trends (which
happen on roughly 30-year time spans, Nicholson et al. [64]) the shorter time periods provide insight
into the directionality of change in vegetation dynamics.
Mean-Variance Analysis
Thirdly, we used mean-variance analysis to characterize the spatio-temporal behavior of NDVI
through time for the entire data series. In the mean-variance plots, each sector describes the state of a
landscape’s trajectory at a given time based on relationships between mean-variance and vegetation
condition established from field observations in similar rangelands [35]. In this case, we represent
image-specific mean and variance both monthly MVC NDVI and the April MVC NDVI for each year
from 1985 to 2010. We chose the April MVC NDVI to capture the cumulative effect of the wet season
on the landscape and is thus associated with the peak of vegetation occurring at beginning of the dry
season in this region [38,63]. April NDVI was also used because it corresponded with field observations
we used to guide the interpretation of our results. We created mean-variance plots that include all the
monthly MVCs through time for both datasets, plots that focus only on the April MVC NDVI for each
time period, and plots that compare the monthly MVC NDVI for two communal areas that are managed
differently in terms of fire regimes, one in Botswana (characterized by extensive efforts at maintaining
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a regime of fire suppression) and one in Namibia (where controlled early dry season burns were instituted
in 2006 and continue as the main land management practice) [33].
2.3.2. Spatial Dynamics of NDVI in the CRB
To analyze the vegetation dynamics in CRB from a spatially-explicit point of view using the MODIS
data, we reclassified the cell-by-cell normal standard deviates of g.s. NDVI based on a range from
above/below 2 and −2 standard deviations into five classes for each year to create maps of the distribution
of lower and higher vegetation productivity based on the empirical understanding that areas that display
positive departures from the mean NDVI are areas with higher average vegetation cover, while those
displaying higher variances are typically associated with more heterogeneous vegetation cover (patchy
vegetation with mixed-height canopies), as identified by the mean-variance plots [35,36]. Secondly, we
used spatial coincidence—multiple subsequent overlays in the Raster Calculator tool of ArcGIS 10.1—to
calculate Pearson’s product-moment correlation coefficient (r) to identify the strength of association
between each year’s growing season standardized NDVI, the yearly FEI (the number of months an area
was under inundation on average every year from 2000 to 2010: class 1—areas that were inundated
between one to three months out of the year on average; class 2—inundated four to six months/year; and
class 3—areas inundated more than seven months/year, see S1 in supplementary material) and the yearly
and previous year’s FRI (the number of times an area burned for each individual year from 2000 to 2010:
class 1—areas that burned during one to three times out of 10 years; class 2—burned four to six times/10
years; and class 3—areas burned on average more than seven times in the 10-year time interval considered,
see S2 in supplementary material). The main goal was to identify the level of association between the
spatial patterns of vegetation productivity during each growing season and the mapped patterns of
inundation and burned area.
2.3.3. Two-Date Image Differencing: NDVI-Inundation-Fire Coincidence Analysis
To determine any possible patterns of change in vegetation productivity relative to the beginning of
our time series, we performed a set of cell-by-cell standard two-date image differencing operations on
the growing season NDVI between each consecutive year (2000 to 2001, 2001 to 2002, …,
2008–2009, and, finally, 2001–2009). Change calculated for a beginning (2001) and an end (2009) date
provided an two time-step indication of change occurring in growing season NDVI patterns between the
beginning and end point of the analysis. We chose the 2001 and 2009 dates not because they were the
first and last complete record of data at the time of analysis for MODIS, but, equally importantly, because
both years were climatologically comparable and preceded by two wet periods (according to the
multivariate ENSO index (MEI) for southern Africa [32]. After performing the 2001–2009 two-date
change detection, we created standard normal deviates of the differenced image and reclassified it into
five classes measuring of standard deviation departures from the mean ranging from above and below 2
and −2 standard deviations (two classes), between ±2 to ±1 std. dev. (two classes), and to a class of no
significant change recorded between ±1 std. dev (significance established using a Student’s t-test at the
95% confidence interval). Finally, we correlated this standardized difference image with the multi-annual
FEI and the multi-annual FRI, both respectively classified into three classes and assessed the spatial
coincidence between vegetation change and inundation and fire dynamics over the same time period.
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3. Results and Discussion
3.1. Temporal Analysis of Vegetation Productivity and Variability in CRB from 1985 to 2010 Using
AVHRR and MODIS NDVI Data
We plotted standardized monthly MVC NDVI values from 1986 to 2010 extracted from AVHRR and
MODIS data to determine the interplay between NDVI departures from the mean that translate into
overall higher or lower vegetation productivity at a basin scale (Figure 2). This period, particularly since
the 1980s for much of southern Africa, has seen declines in overall precipitation amounts, an increase in
the spatial and temporal variability of rainfall, and the frequency and intensity of El Niño episodes [64,66].
Average monthly NDVI varied closely as a function of rainfall distribution (see Figure 3a for the period
2000–2010) and the alternation between dry and wet ENSO events [32,65]. In general, Figure 2
highlights the association between warm (cold) ENSO phases and decreased (increased) strength of
positive NDVI anomalies that supports previous findings in the literature [6,64]. During the 1988 and
1992 period for instance, over 15 drought events were reported in various areas of southern Africa, as
well as an increase in the frequency and intensity of El Niño or warm ENSO phase episodes for the latter
decade relative the pre-1988 [5]. More specifically, we show that standardized departures from monthly
NDVI averages larger than two were recorded in 1987/88, following two years of strong dry ENSO
events during the 1986/87 and 1987/88 growing seasons, as well as in 1991/92, 1995/96, 1997/98,
2002/03 or 2004/05 seasons following warm ENSO phases [32,65]. Warm phase (El Niño) ENSO is
commonly associated with below-average rainfall or drought conditions in southern Africa, generally
leading to decreases in vegetation productivity [67,68]. However, that is not always the case, as recent
work by the Famine Early Warning Systems Network [25] has shown that, depending on location, certain
regions can be completely missed by below-average rainfall, thus highlighting the high spatial variability
in impacts on rainfall and growing conditions associated with warm ENSO phases. As will be discussed
further below and one might expect, climatic variability and alternation of cold and warm phase ENSO
do not, account for all deviations in NDVI, hence the focus of the remainder of this paper.
To further contextualize the past decade and validate our MODIS NDVI time series (2000–2010), we
analyzed the correlations between mean monthly rainfall (mm/year) aggregated to mean annual amounts
with an independent source of vegetation productivity, average annual NPP from the MODIS 17A3
product (mean r = 0.65) and between the mean annual NPP and the growing season NDVI average (mean
r = 0.76) (Figure 3a,b). The lowest mean annual NPP value was recorded in 2005, corresponding with the
low rainfall values recorded during the 2005 rainy season and three years of consecutive positive
standardized departures in the multivariate ENSO index [65]. Previous work had shown that the last decade
had been experiencing a decrease in net primary productivity (NPP) associated with large-scale droughts
primarily in the southern Hemisphere and specifically in the southern African region of our study
area [58], however given the length of our data series and year-to-year variability present in the aggregated
data, we cannot make similar inferences. Hence, the sections below discuss the spatially-explicit patterns in
NDVI for our study area and their spatial and temporal coincidence with aggregated patterns of
inundation and fire for a differentially-managed watershed.
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(a)

(b)
Figure 3. (a) Mean annual net primary productivity (NPP) values from 2000 to 2009 based
on the C5 MOD17A3 collection (reprocessed after Zhao and Running, 2010) relative to
mean annual rainfall data from the Tropical Rainfall Measuring Mission (TRMM 3B43) for
2000 to 2009 for the CRB; mean r = 0.65 and (b) Mean annual NPP and the mean growing
season NDVI for 2000 to 2009; mean r = 0.76.
Mean-Variance Analyses of Vegetation Productivity in CRB
To analyze the general vegetation dynamics in CRB over a 25-year time span, as well as it related to
broad climatic conditions for the region in the form on dry/wet years and warm and cold ENSO phases,
we created a series of mean-variance plots: (1) ones that include all the monthly NDVI MVCs through
time (1985–2010) for both datasets (Figure 4a,b); (2) plots that compare the monthly MVC NDVI for
two communal areas that are managed differently in terms of fire regimes and that have different
population and livestock densities (Figure 5a–d); and (3) plots that focus only on the end of the growing
season April NDVI for each time period (Figure 6a,b). Each plot is divided into four quadrants/sectors

Land 2015, 4

639

based on the observed long-term mean and variance of the dataset, such as that, in theory, data points
that fall in sector 1 (lower left side) encompass vegetation with a relatively low mean NDVI as well as
a low variance, which may indicate homogenous and low vegetation cover that is considered the most
degraded state of a landscape [35–37,69,70]. Sector 2 (upper left side), with a low mean and high
variance (heterogeneous and low vegetation cover), suggests that a higher proportion of the landscape
gravitates toward bare ground and increased susceptibility to wind and water erosion or incipient
landscape degradation. Even though we do not specifically attempt to measure degradation in this paper,
we define degradation as the reduction or long-term loss of natural vegetation cover in rain-fed cropland,
range and woodlands resulting from both natural and anthropogenic causes [71]. Sector 3 (upper right
side), characterized by a high mean and high variance of NDVI (hypothetically heterogeneous and higher
vegetation cover) indicates a higher proportion of vegetation cover in the landscape but also that some
portions of the landscape are susceptible to erosion, most likely as a function of local topography.
Finally, data points falling into Sector 4 (lower right side), characterized by high mean and low variance,
indicate the most ideal and stable vegetation conditions for these types of ecosystems at a given time,
reflected by homogenous and higher vegetation cover, as shown ecologically in work by Hill and
Hanan [69], Scholes and Walker [43], and Peters et al. [70].

Figure 4. (a) Mean-variance plot for monthly AVHRR MVC NDVI from September 1985
to August 2004 and (b) mean-variance plot for monthly MVC NDVI data from MODIS
between 2000 and 2010. The dotted lines in both graphs indicate the long-term mean MVC
NDVI value and mean variance respectively and are used to create the four vegetation
dynamics sectors proposed by Washington-Allen et al. [35]. Dark green symbols indicate
the main crop-growing season months (December–April), while light green symbols indicate
the months that fall outside the main growing season. Symbols highlighted in red indicate
months outside the main growing season with higher than expected mean NDVI.
Figure 4a,b shows decreasing vegetation variance with increasing monthly MVC NDVI for both the
AVHRR and MODIS time series. Overall, we observe increasing variability in NDVI in the second period
of our analysis, especially during the dry season months where a larger proportion of values fall above the
long-term variance of 0.2 for the time series, in line with findings by Gibbes et al. [38]. During the months
that fall outside of the main growing season (May–November), the overall state of the vegetation in the

Land 2015, 4

640

basin is one of low NDVI and comparatively high variance, the majority of data values falling in the
heterogeneous and low vegetation cover sectors, as would be expected (Figure 4). During the growing
season, the general tendency of NDVI is to tend towards Sector 4 of more homogeneous and higher
vegetation cover that characterizes more closed canopies and higher ground cover. However, when
rainfall amounts are at or above the long-term average for the region (Figure 4a,b; data points highlighted
in red), the months of May and June NDVI MVC values fall above the overall mean for the entire time
series. This is also coincident with ENSO cold or neutral phases as indicated by Figure 2, especially
prior to 2000. For both time periods, we highlight the months that fall outside the growing season as we
define it, namely May and June, whereby the mean NDVI for those months is higher than the overall
mean for the entire time series. This happens during years of cold or neutral ENSO phase when rainfall
amounts are at or above the long-term average for the region (Figure 4a,b, data points highlighted in
red), especially before 2000. After 2000, we notice a more consistent pattern of higher-than-average
NDVI values for May and June irrespective of ENSO phase which is consistent with findings in the
literature that show an increase in the length of the growing season, especially the beginning of the
growing season, for this part of southern Africa over the last decades [60].

Namibia AVHRR Monthly Mean NDVI

Botswana AVHRR Monthly Mean NDVI

Namibia MODIS Monthly Mean NDVI

Botswana MODIS Monthly Mean NDVI

Figure 5. Mean-variance plots of monthly MVC NDVI data for subsets of the communal
lands in Botswana and Namibia both for the 1985 to 2004 (AVHRR-based (a,b)) and the
2000 to 2010 (MODIS-based (c,d)). The dotted lines in both graphs indicate the long-term
mean MVC NDVI value and mean variance respectively and are used to create the four
vegetation dynamics sectors proposed by Washington-Allen et al. [35]. Dark green symbols
indicate the main crop-growing season months (December–April), while light green symbols
indicate the months that fall outside the main growing season.
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To explore these dynamics in more detail and establish whether land use management might
differentially impact vegetation dynamics, Figure 5 shows the same analysis as Figure 4 but for two
communal areas on either side of the Chobe River lying in differing countries, the Salambala
conservancy in Namibia and CECT in Botswana (see also Figure 1). As discussed above, the two
countries promote different fire management approaches and are characterized by widely differing
livestock and population densities [46]. The trajectories of the mean-variance plots show similar patterns
of decreasing variance with increasing monthly NDVI values as a function of growing season
(Figure 5a,b) for each country. However, even though for the last 10 years of the analysis the pattern
between the two countries is different, the vegetation productivity in the communal lands in both
countries show an overall lower NDVI variance accompanied by an overall increasing mean in monthly
MVC NDVI (Figure 5c,d).
For Botswana, during the last decade, the relationship between variance and monthly NDVI values is
beginning to reverse with a tendency towards more heterogeneous vegetation cover and lower
monthly MVC NDVI value and variance values during the growing season (Figure 5c,d). In the
Namibian conservancies, the tendency is towards higher vegetation heterogeneity especially outside of
the growing season. As the two sites are characterized by nearly identical climatic and biophysical
conditions, this difference in the degree of vegetation variance heterogeneity during different seasons
might be the result of differential land use management policies, specifically fire policies introduced
starting in 2006 in Namibia that allow for early-dry season mosaic burns that have led to significant
shifts in early dry season fire frequencies [33] and overall higher grazing pressures. Research from other
semi-arid regions has shown increases in post-fire vegetation productivity and in vegetation
homogeneity after fires [72]. Other work demonstrates that less burning in fire-prone systems lead to
more closed canopies, thus higher vegetation productivity and cover but with increased heterogeneity [13].
Even though we do not specifically test this hypothesis, the long-term suppression of fires in Botswana
and less frequent but more intense fires documented in Pricope and Binford [33] might partially account
for the different trajectory of increasing vegetation productivity noted in Figure 5d. Similar trends have
been observed when the temporal and spatial variability of precipitation is increasing and overall
precipitation amounts are decreasing [66] or precipitation and climatic regimes are shifting or becoming
more unpredictable [63–65].
To explore the specific trajectory of NDVI across the entire time period in the four dynamic sectors
of mean and variance, we plotted the location of April MVC NDVI in this multi-sectoral space from
1985 to 2010 as a function of warm, neutral, or cold ENSO phase for that particular growing season
(Figure 6). April marks the end of the rainy season, and plotting April NDVI provides an indication of
end of the growing season productivity leading into the dry season for this region, representing a good
overall indication of forage and range conditions for livestock and wildlife [68]. Overall, compared to
the 1985-2000 period when no data fell in Sector 1, generally characterized by low mean and variance
NDVI and thus a possible degraded state (as shown by Cui et al. [37] and Gibbes et al. [38] to have been
more characteristic of the 1980s and 1990s post-climate shift), during the second period of the analysis
two of the four warm ENSO phase years fell in Sector 1; as discussed above, warm ENSO years are
associated with reduced vegetation productivity [67,68] (Figure 6a,b). Contrary to our initial expectation,
there is no simple pattern of association between ENSO phase (warm, cold, or neutral) and the location
of end of growing season (April) NDVI in the multi-sectoral mean-variance space (Figure 6a,b). We
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expected that warm ENSO years, likely characterized by droughts, would skew the NDVI signal towards
Sectors 1 and 2, indicative of lower vegetation cover, high heterogeneity, and potential for degradation.
The fact that some warm ENSO years fall into Sectors 3 or 4 may be partially explained by the high
spatial variability in the distribution of below-average rainfall during such years and the fact that, during
some El Nino seasons identified and classified regionally or globally as such, the CRB is not affected
by droughts [25]. In fact, recent work by FEWS Net [25] shows that between 1981 and 2013, our study
region has only been impacted by below-average December-March rainfall totals three times.

Figure 6. (a) Mean-variance plot of AVHRR April MVC NDVI data from 1985 to 2000 and
(b) Mean-variance plot of MODIS April MVC NDVI data from 2000 through 2010 for Chobe
River Basin. Red symbols represent warm ENSO phase years, blue symbols indicate cold ENSO
phase years, and white symbols—neutral ENSO phase years. The dotted lines in both graphs
indicate the long-term mean MVC NDVI value and mean variance, respectively, and are used
to create the four vegetation dynamics sectors proposed by Washington-Allen et al. [35].
Finally, since the last part of this paper identifies spatial patterns in observed vegetation dynamics in
the CRB, we were interested in the location and trajectory in the multi-sectoral mean-variance space of
years post 2000. Figure 6b shows the most recent decade MODIS NDVI time-series data for April, the
end of the growing season in this region. The year 2007 falls in Sector 1 of the plot which suggests
vegetation homogeneity, indicated by low variance values, and low cover density. In addition to being
characterized by relatively low annual rainfall (Figure 3a), 2005 and 2007 are characterized by warm
ENSO conditions, following closely after three years of previous dry conditions in the region [65] which
might explain the degraded landscape-level vegetation state indicated by Figure 6b. The years 2002 and
2003, identified in the literature as representative of dry growth seasons for this region [5,65], fall into
Sector 2 of the mean-variance plot, which represents a less degraded state of vegetation with lots of bare
ground that introduces high spatial heterogeneity. The year 2004, average in respect to rainfall amounts
and falling between two warm ENSO phase years, naturally falls into Sector 3 as vegetation begins to
recuperate after the droughts of 2002/03. The years 2000 and 2001 fall into Sector 4 of the mean-variance
plot, which is characterized by high mean and low variance and, in theory, indicates the most ideal and
stable vegetation conditions at a given time. This is logical given that the 1999/2000 growth season
rainfall was the highest prior to a shift towards higher rainfall after 2008 [51].
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3.2. Spatio-Temporal Analysis of Vegetation Productivity in Relation to Annual Flooding and Fire
Extents in CRB from 2000 to 2010
Vegetation cover and pattern are some of the most important parameters for assessing ecosystem and
landscape functioning and trajectories over time [73]. To examine the spatial configuration in g.s. NDVI,
we mapped spatial patterns of standardized g.s. NDVI values for CRB for each year of the 2000–2010
decade with spatial patterns for years (2007, 2004, 2002, and 2001) (Figure 7) that are taken to be
representative of each sector in the mean-variance analysis (Figure 6). Areas that display greater departures
from the mean NDVI measured here spatially using the standard normal deviates, if accompanied by high
vegetation variance are, in theory, areas with potentially more heterogeneous vegetation cover [36], as
identified by the mean-variance plots. In general, the patterns in Figure 7 reveal higher vegetation
productivity in the seasonally-inundated parts of the Mamili and Zambezi wetlands, as well as in much of
the Chobe Forest Reserve and Chobe National Park in Botswana. In CECT in Botswana, as well as
conservancies in Namibia (shown in the subsequent figures as all the land use units that fall outside the
green boundaries of protected areas or forest reserves) in the areas adjacent to the river where most wildlife
is concentrated during the dry season, significant reduction in vegetation cover and higher heterogeneity
(fragmentation) are occurring, potentially due to factors explained above and further detailed below.

Figure 7. Spatial patterns of standardized g.s. NDVI values for CRB for the four years
representative of each of the four mean-variance plot sectors identified in Figure 6b, as such:
Sector 1: 2007, Sector 2: 2002, Sector 3: 2004, and Sector 4: 2001.
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Evidence from fieldwork conducted during 2007 and 2009 (May–June) along the Chobe floodplain
in the park, including tree species loss and a shift in tree species composition from predominantly Acacia
nigrescens to an overwhelming dominance by Croton megalobotrys, a fast-growing tree species mainly
due to greatly increased elephant herbivory [74], supports the notion of severe vegetation degradation
occurring in this region relative to vegetation conditions established by field surveys using the same
methodology in the 1960s [50,74]. Our field surveys and training samples collected during the same field
seasons also indicate consistently low vegetation productivity areas in CRB are in the communal lands of
both countries and particularly the communal lands on the Namibian side of the river where population
densities are high compared to other regions and cattle densities are similarly higher. The potential effects
of grazing and fire suppression in these communal areas, especially in and around mobile cattle posts, are
expressed in areas of either barren land or, alternatively, thick scrub (which helps explain the high
vegetation heterogeneity observed in Figure 5 and the general patterns observed in Figure 7). During
fieldwork, key informant interviews with locals from communities in both countries have revealed growing
concerns about the disruption of agriculture by increasing elephant numbers no longer constrained to the
park boundaries which leads to vegetation destruction and increased patchiness, expansion of bush
encroachment due to an increased emphasis on cattle grazing and fire suppression, and drought-induced
risks for subsistence agriculture.
We correlated these spatial patterns of the standardized g.s.NDVI score representative of vegetation
productivity to annual flooding and fire extents for each individual year using a spatial coincidence
analysis (Figure 8). Results show that areas in the eastern part of Namibia with high vegetation
productivity are areas that are seasonally flooded by the Zambezi River, generally for short periods of
time during the growing season while water is present in the landscape at shallow depths. High positive
correlation between flooding extent and standardized g.s. NDVI is also apparent along the Chobe
floodplain, while many of the areas characterized by a negative correlation are areas of lower vegetation
productivity and areas that burn during any given year or during the previous fire season (as highlighted
also in Table 1).
The spatial coincidence between burned area and standardized g.s. NDVI highlights large areas across
the landscape with negative association, indicating the expected relationship of lower vegetation
productivity in burned areas. The areas where this is most prevalent is along known road networks in
Namibia where settlement and agriculture is a more dominant land use. An exception to this land use
type is Mudumu National Park in Namibia, which is known to burn extensively during each year [33].
The total area of the CRB in which there is a spatial coincidence between either flooding extent and
standardized g.s. NDVI or burned area and standardized g.s. NDVI ranges between 17% and 32%,
depending primarily on the area flooded or burned each year (Table 1). Thus, for instance, years such as
2006–2008 when extensive burning occurred in the CRB [33] show consistently higher levels of spatial
correlation between fire extent and lower than average vegetation productivity, especially when we
factor in the negative effects of previous year burning (which explains the high level of below average
vegetation productivity in 2009). However, the location rather than level of spatial association among
vegetation productivity, flooding extent and both the previous and current year’s fire extent, are of
primary interest in this analysis.
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Figure 8. Spatial patterns of standardized g.s. NDVI values for CRB for four years
representative of each of the four mean-variance plot sectors identified in Figure 6b and their
spatial association with the flooding and fire extents for each of these years.
Table 1. Results of the spatial coincidence analysis between higher and lower vegetation
productivity (represented in the table as +normalized difference vegetation index ((+NDVI)
and −NDVI respectively)) expressed as a standardized NDVI score and individual year
flooding extent and current and previous year area burned (expressed as percent of the total
area in Chobe River Basin (CRB)).
flood (+NDVI)
flood (−NDVI)
fire (−NDVI)
fire (+NDVI)
fire (−) prev. year
fire (+) prev. year
Total

2001

2002

2003

2004

2005

2006

2007

2008

2009

11.11
1.23
11.26
1.71
25.31
20.96
3.51
24.47

4.59
3.09
7.95
1.77
17.39
11.54
1.43
12.97

7.73
3.20
5.37
1.33
17.62
7.53
2.18
9.71

10.65
5.86
9.28
1.68
27.47
4.37
1.33
5.70

0.60
7.84
7.43
1.27
17.14
9.27
1.69
10.96

6.19
3.77
19.56
2.31
31.83
5.95
3.64
9.59

9.86
1.64
16.62
2.91
31.03
19.07
2.80
21.87

6.85
2.58
18.14
4.94
32.51
16.58
2.96
19.53

5.69
9.95
13.32
1.22
30.18
17.47
2.45
22.92

49.78

30.37

24.34

33.17

28.10

41.42

52.90

52.04

50.10
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3.3. Two-Date Growing Season NDVI Change Detection in Relation to Multi-Annual Flooding Extent
Index (FEI) and the Multi-Annual Fire Return Interval (FRI) for CRB
Most of the change in vegetation productivity identified between 2001 and 2009 (Figure 9) occurred
in the communal areas (shown as all the land use units that fall outside the green boundaries of protected
areas) that are the most dynamic and subject to increasing agricultural and grazing pressures. The
communal areas are characterized by overall lower vegetation productivity during individual growing
seasons, based on g.s. NDVI. Overall, 6.63 percent of CRB has recorded an increase in NDVI between
the two dates, with a much smaller percentage recording a net decrease (Table 2). Compared to Figure 6b,
which shows 2009 to be characterized by an overall lower mean NDVI and higher CV (thus higher
vegetation heterogeneity) in 2009 vs. 2001, the vegetation cover in CRB moved towards increasing
spatial heterogeneity and higher NDVI, from more homogeneous conditions in 2001. This could be
partially explained by increases in the area burned post-2006 and supported by research [12,72,75].
Vegetation cover as measured remotely via NDVI can be related to vegetation productivity, phytomass,
and susceptibility to soil erosion but it does not provide information about changes in species
composition over time. No change may occur in the NDVI response for an area, but changes in species
composition within a pixel may occur and remain undetected, especially when using moderate or coarse
remotely-sensed data [76]. As such, we do not attempt to explain the compositional changes in vegetation
highlighted in the image differencing procedure but were interested in understanding whether the NDVI
changes detected are spatially linked with multi-annual flooding and fire regimes as captured by the FEI
and FRI.
Figures 10 and 11 show the spatial coincidences between the 2000 to 2009 FEI (defined as the number
of months an area was under inundation per year during the 2000 to 2009 interval) and FRI (defined as
the number of times an area burned during the 2000 to 2009 interval) to the standardized 2001 to 2009
g.s. NDVI image difference, respectively. Areas in green indicate increases in vegetation productivity,
while areas in shades of red indicate lower vegetation productivities in 2009 as compared to 2001. Figure 10
suggests that the multi-annual FEI is related to vegetation productivity in both a positive and negative
way. Areas in the eastern Zambezi Region of Namibia that are usually flooded for less than three months
out of the year tend to be associated with lower vegetation productivities and these are also the areas
that, later within the growing season when the flooding recedes [27] tend to burn more frequently
(between one to six years out of the 10 included in the computation of the FRI) (Figures 10 and 11). A
longer fire return period can often be beneficial to woody recruitment and lead to increased woody plants
densities, while at the same time suppressing the general height of trees [75], leading to an overall state
of higher vegetation productivity and NDVI.
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Table 2. Two-date standardized growing season NDVI change detection in percent of total Chobe Basin area from 2000 to 2010 based on
moderate resolution imaging spectroradiometer (MODIS) growing season NDVI data (in red, statistically significant decreases; in green,
statistically significant NDVI increases; statistical significance tested using the Student’s t-test at the 95% confidence level).
2000–2001

2001–2002

2002–2003

2003–2004

2004–2005

2005–2006

2006–2007

2007–2008

2008–2009

2009–2010

2001–2009

> 25% Decrease
> 25% Increase

3.73
1.73

13.38
0.64

2.32
2.51

0.31
20.20

17.18
0.09

0.17
16.43

2.40
2.17

9.65
2.20

0.86
3.51

1.68
0.63

1.72
6.63

Total NDVI Change > 25%

5.46

14.02

4.83

20.51

17.27

16.60

4.57

11.85

4.37

2.31

8.35

Figure 9. Two-date standardized NDVI change detection (2000 to 2009) for Chobe Basin area based on MODIS g.s. NDVI data. Areas in green
indicate increases in vegetation productivity in 2009 versus 2001, while areas in shades of red indicate lower vegetation productivities in 2009
as compared to 2001.
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Figure 10. Spatial patterns of the coincidence between the 2001 to 2009 FEI (defined as the
number of months an area was under inundation per year during the 2000 to 2009 interval)
and the standardized 2001 to 2009 growing season NDVI image difference. Areas in green
indicate increases in vegetation productivity in 2009 versus 2001, while areas in shades of
red indicate lower vegetation productivities in 2009 as compared to 2001.
The association between flooding and fire extents and higher vegetation productivities between 2001
and 2009 tends to be relatively similar for the communal areas in both Botswana and Namibia around a
perennial body of water, known locally as Lake Liambezi, located within the general boundaries of
Salambala Conservancy. The pattern could be related to more flooding in that region beginning with
2004 and frequent burning primarily during the years prior to 2004 when, for the first time since the
1980s, the flood waters from the Chobe and Kwando rivers joined and Lake Liambezi partially filled
once more [27]. One direction of future study will examine the context of these observed changes in
vegetation patterns relative to changes in hemispheric weather patterns [77]. Other factors that may
account for changes in vegetation productivity can be actual alterations in land uses and agricultural
management practices [78–81]. Such changes in land use are usually related to agricultural expansion
and crop rotation, which may or may not coincide with the natural vegetation greening and browning
stages throughout the year. Understanding the relationships between continuous vegetation indices and
shifts in multi-annual flooding and fire regimes over variable time frames will require more detailed
investigations and will be part of the future work based on this exploratory analysis in a transboundary
savanna watershed in southern Africa.

Land 2015, 4

649

Figure 11. Spatial patterns of the coincidence between the 2001 to 2009 FRI (defined as the
number of times an area burned during the 2001 to 2009 interval) and the standardized 2001
to 2009 growing season NDVI image difference. Areas in green indicate increases in
vegetation productivity, while areas in shades of red indicate lower vegetation productivities
in 2009 as compared to 2001.
4. Conclusions
In this paper, we investigated the general vegetation trajectory in the Chobe watershed as measured
by multi-temporal NDVI analyses and explored how the spatial patterns of vegetation productivity over
a twenty-five year period (1985–2010) are linked to regional inundation pulses and inter-annual fire
regimes, both quantified into decadal inundation and fire return interval indices. We used NDVI,
calculated from AVHRR and MODIS datasets from 1985 to 2010, specifically emphasizing the 2000 to
2010 period for which fire and inundation extent data were also available. Based on mean-variance
analyses of growing season NDVI, we reconstructed the vegetation dynamics in CRB since 1985 along
with the underlying climate forcing of warm and cold phase ENSO, primarily highlighting the strong
correspondence between climatic conditions in this region and variations in statistical parameters that
describe vegetation productivity, but we note that those conditions alone are unable to explain the full
spectrum of vegetation productivity and heterogeneity nuances that exist. By couching our analyses on
years of warm and cold phase ENSO [65], regional rainfall dynamics and inundation and fire patterns,
we demonstrate the usefulness of mean-variance analyses in describing the overall dynamics of
vegetation through time and how they can potentially inform cursory analyses of spatial patterns of
vegetation productivity. In order to obtain more spatially-explicit measures of vegetation productivity
shifts, we then performed a series of spatial coincidence analyses that allowed us to partially explain the
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role of flooding and fire in driving observed multi-date patterns and changes in vegetation productivity. We
observed increased cover and heterogeneity during the growing season especially in
communally-managed areas of Botswana where long-term fire suppression has been instituted, in contrast
to communal areas in Namibia where heterogeneity in vegetation cover is mostly increasing primarily
outside of the growing season and may correspond to mosaic early–dry season burns.
As long as population pressure in this region continues to intensify land use, anthropogenic fire
ignitions are unlikely to limit fire frequencies, permitting fire frequency to respond to future climates [10].
This in turn might translate into further increases in vegetation cover and especially increases in
vegetation heterogeneity that could have serious implications for vegetation structure and functionality
in the future [13,72] and may pose challenges to livelihoods’ adaptation efforts in a region that is
climatically variable and vulnerable. While the study design of this paper does not allow us to identify
the exact causal factors for the observed multi-date changes in vegetation productivity in the CRB,
examining these patterns is an important first step towards better understanding landscape-level
vegetation dynamics in relation to flood, fire and underlying climate variability for semi-arid savannas.
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