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Abstract

Predictions have been made on the effect of increased elephant (Loxodonta africana)
densities on landscape heterogeneity change as a result of artificial waterholes in semi-arid
savanna landscapes of southern Africa. However, limited effort has been put forth to test
these predictions spatially. This thesis sought to test the utility of a Geographic Information
System (GIS) and remote sensing-based approach to understand the effects of elephant
density on landscape heterogeneity change around artificial waterholes in Hwange National
Park (HNP). Firstly, an objective method based on satellite remotely-sensed data was tested
for efficiency in detecting and mapping waterholes at an optimal threshold. In this regard, the
performance of the Modified Normalised Difference Water Index (MNDW!I) and newly
developed Superfine Water Index (SWI) were evaluated at selected optimal thresholds, using
Landsat image data. Kappa coefficient results indicated that the MNDW!I detects waterholes
better than the SWI and that the optimal threshold for detecting waterholes using MNDWI is
-0.29. The study further validated accuracy of MNDWI-detected waterholes using spatial and
temporal rainfall data and tested for aridity, using the remotely-sensed waterholes. Secondly,
the study related the spatial distribution of waterholes detected using MNDW!I to elephant
density and assessed short-term (seasonal scale) elephant density effects on vegetation
heterogeneity change using the coefficient of variation of the Normalised Difference
Vegetation Index (NDVI CoV). It also assessed long-term elephant density effects as a result
of artificial waterholes on landscape heterogeneity change using landscape metrics. The study
also tested the potential influence of an existing spatial rainfall gradient on landscape
heterogeneity change. Results show that density of elephants is significantly influenced by
spatial distribution of waterholes in the late dry season. Results show that in the short-term
there is no relationship between NDVI CoV change and elephant density. In the long term,
results show that woodland mean patch size, woodland class proportion and bushland patch
density decrease while bushland mean patch size and bushland class proportion increase with
increasing density of artificial waterholes. Results suggest that consistently high elephant
density in the area with high artificial waterhole density leads to a decrease in woody
vegetation structural diversity as woodland patches are converted to bushland as a result of
coppicing due to intensive browsing by elephants. However, homogenisation of vegetation in
the landscape is being inhibited by other mediating factors which are converting bushland to
grassland. Results provide evidence that landscape heterogeneity dynamics in HNP are not
significantly influenced by spatial rainfall variability. In conclusion, this thesis demonstrated
that GIS techniques and remotely-sensed data can effectively be used to detect and map
waterholes, assess waterhole-elephant density dynamics and quantify elephant density effects
on landscape heterogeneity change over short and broad temporal intervals for sustainable
management of semi-arid savanna ecosystems.
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Chapter 1: General introduction

1.1 Background

Over the years, protected areas in southern Africa have seen a major increase in elephant
(Loxodonta africana) population densities (Balfour et al., 2007) and this has been attributed
to the provision of supplementary water from artificial waterholes (Chamaille-Jammes et al.,
2007c; Guldemond et al., 2017). To counter shortages in natural surface water availability for
wildlife and to moderate extreme shortages of water during drought years, human
intervention has facilitated provision of borehole-pumped water in pans i.e. artificial
waterholes in semi-arid protected areas of southern Africa (Owen-Smith, 1996; Gaylard et
al., 2003; Davidson et al., 2013). During the dry season when most natural water sources dry
up, elephants have been observed to stay close to the artificial water sources to adequately
meet their drinking needs (Chamaille-Jammes et al., 2009b; Shrader et al., 2010). However,
dependence on artificial waterholes has induced changes in distribution patterns of elephants,
with the elephants aggregating around artificial waterholes and increasing local elephant

densities in these areas (Chamaillé-Jammes et al., 2007c; Kalwij et al., 2010).

Specifically, it is largely hypothesised that elephant densities exceed the ecological carrying
capacity of certain areas where there is high artificial waterhole density (Cumming et al.,

1997; Van Aarde and Jackson, 2007). This has given rise to many hypotheses, the main one

1



being that increased elephant densities will result in over browsing (Western and Maitumo,
2004). The destructive feeding patterns of elephants on woody vegetation (debarking,
uprooting trees and branch breaking), coupled with high elephant densities may result in
whole landscapes being transformed (Whyte et al., 2003; Shrader et al., 2010). At high
densities elephants are capable of reducing tree density, transforming trees to short dense
shrubs and decreasing overall woody vegetation structural diversity (Whyte et al., 2003;
Fullman and Bunting, 2014; Guldemond et al., 2017), resulting in a changed landscape
structure (Baldi and Paruelo, 2008; Shannon et al., 2009) and consequently habitats of other
wildlife species. Semi-arid protected areas serve as sanctuaries for a range of endangered and
threatened wildlife species. These protected species require sufficient conservation through
the effective supply of water and maintenance of suitable habitat. Thus, the need to test how
different elephant densities impact landscape heterogeneity change is critical to conservation

of biodiversity.

Although the hypothesis that elephant densities have increased around artificial waterholes
thereby affecting landscape heterogeneity has been proposed, limited effort has been made to
test these predictions spatially at the landscape scale in semi-arid savanna ecosystems of
southern Africa. Consequences of high elephant density on changes in spatial patterns of
vegetation are complex (Murthy et al., 2003; Fullman and Child, 2012). For instance, Owen-
Smith (2006) observed that while some areas were intensively degraded, the vast part of the
protected areas seemed ecologically intact, thus providing evidence for this complexity.
Testing this hypothesis using spatial methods will allow comprehensive ecological

deductions to be made on the effect of elephant densities on landscape heterogeneity change.



1.2 Problem statement and Hypothesis

Assessing the effect of elephant density on surrounding landscape heterogeneity change and
the influence of spatial distribution of artificial waterholes on elephant movement and
distribution at the landscape scale relies upon successful detection of waterholes. To date,
work which has so far tested for a remote sensing-based method and the optimal threshold
best suited to detecting waterholes is still rudimentary. A number of spectral water indices for
detecting larger surface water features (lakes, dams, freshwater reservoirs) have been
developed: Automated Water Extraction Index (AWEI) (Feyisa et al., 2014); Normalised
Difference Water Index (NDWI) (McFeeters, 1996); Modified Normalised Difference Water
Index (MNDWI) (Xu, 2006) and Enhanced Water Index (EWI) (Ayana et al., 2015).
However, the optimal threshold for detecting small water features such as waterholes using a
more robust spectral water index still remains under-tested. Successful detection of
waterholes using a remote sensing-based water index depends on assessing robustness of
existing spectral water indices and even new ones developed and on the selection of optimal
thresholds for detecting surface water (Xu, 2006; Li et al., 2013). In this regard, this thesis
tested for a robust remotely-sensed water index at an optimal threshold for effectively

detecting and mapping waterholes.

Several studies in protected areas have quantified the impacts of elephants on vegetation in
relation to surface water. However, these have been limited to assessment of elephant
distribution and associated woody cover change in relation to water proximity and
distribution (Thrash and Derry, 1999; Brits et al., 2002; Kalwij et al., 2010; Fullman and

Child, 2012; Landman et al., 2012; Mukwashi et al., 2012). These studies have mainly been



done using cost and time intensive fieldwork and were also conducted on smaller spatial and
temporal scales which do not adequately capture spatial dynamics of the landscape in the

long term.

This study hypothesises that that increasing elephant densities as a result of artificial
waterholes amplifies elephant impacts on vegetation leading to changes in landscape
heterogeneity. To test this hypothesis, this study made use of freely available satellite
remotely sensed data and Geographic Information System (GIS) techniques, combined with
elephant density data from aerial surveys, to quantify elephant density effects on vegetation
heterogeneity change around artificial waterholes at the landscape scale. The proper
quantification of the effects of elephant densities as a result of artificial waterholes on
landscape heterogeneity change based on GIS and remote sensing methods is critical for

management of semi-arid protected areas.

1.3 Thesis objectives

The main objective of this thesis was to test the utility of GIS and remote sensing-
based approaches to understand the effects of elephant density on landscape

heterogeneity change around artificial waterholes.

Specific objectives were:

= To develop an objective method for detecting and mapping waterholes using
satellite remotely-sensed data

= To assess the relationship between remotely-sensed waterholes and elephant densities



= To assess the short-term and long-term elephant density effects on vegetation cover

and landscape heterogeneity change around artificial waterholes

1.4 Significance of research

The purpose of this study was to evaluate vegetation change as a result of artificial waterhole
provision using GIS and remote sensing methods. This will guide policy formulation and
management decisions for supplementing natural water sources with artificial waterholes
while taking into consideration the impact this will have on elephant distribution patterns and

landscape heterogeneity change for conservation of wildlife and their habitats.

1.5 Organisation of the thesis

This thesis is divided into four chapters which include two papers. This structure allows
chapters to be read separately. However, there is repetition of some information between
chapters, but this is considered of minimum distraction in the flow of the thesis since the

structure enhances clarity when each chapter is read independently.

Chapter 1 describes the background of the study i.e. the establishment of artificial
waterholes in semi-arid protected areas; concerns over increased elephant densities and
elephant-induced landscape heterogeneity change. The chapter highlights the purpose of the
study to map waterholes and quantify elephant density effects on landscape heterogeneity
change using satellite remote sensing and GIS methods. The chapter further outlines specific

objectives of the thesis.



Chapter 2 tests for robustness of two remote sensing water indices in detecting and mapping
waterholes at optimum thresholds and as a way of validating the remotely-sensed waterholes,
assessing spatial and temporal dynamics of these in relation to spatial and temporal rainfall

patterns and then testing for aridity using remotely-sensed waterholes.

Chapter 3 tests for the relationship between spatial distribution of waterholes mapped using
a robust remote sensing water index and elephant densities and the effect of different elephant
densities on landscape heterogeneity change in the short-term and long-term using the
coefficient of variation of the Normalised Difference Vegetation Index and landscape
metrics, respectively. The influence of spatial rainfall variability on landscape heterogeneity

change is also evaluated.

Chapter 4 is a synthesis of the major findings of the thesis. Specifically, this chapter
discusses the scientific output generated in the thesis in mapping waterholes and quantifying
effects of elephant density on landscape heterogeneity change using remotely-sensed data and
GIS methods and the management implications of the findings of this thesis. The candidate
concludes the chapter by discussing the limitations of the research and recommendations for

future research.



Chapter 2: Mapping waterholes and testing for aridity using a
remote sensing water index in a southern African semi-arid

wildlife area
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Abstract

Waterholes are a key resource that influences wildlife distribution in semi-arid ecosystems.
Mapping waterholes can guide intervening decisions for supplementing water resources and
managing wildlife distribution patterns. Although remote sensing provides a key to mapping
distribution of waterholes, efficiency of existing remotely-sensed methods for detecting
waterholes have to be evaluated and even new ones developed. This study evaluated
performance of MNDW!I and SWI at selected optimum thresholds. Performance of the two
water indices in detecting waterholes was evaluated using the Kappa coefficient which
measures the agreement between the binary classified image and test data (observed values)
while correcting for chance agreements. Kappa results indicated that MNDW!I detects
waterholes better than SWI. MNDWI-detected waterholes were further validated by testing
response of waterhole area to annual temporal rainfall and waterhole persistence to spatial
rainfall where surface water is expected to be related to rainfall in semi-arid areas. Extent of
MNDWI-detected waterholes varied in relation to temporal rainfall variability (P < 0.05).
Waterhole persistence was not associated with spatial rainfall variability which could be
explained by differences in waterhole types, low spatial rainfall variability or a range of
factors such as differences in percolation, size of pans or animal activity



2.1 Introduction

In semi-arid areas, waterholes are a life-sustaining water source for most wildlife species.
Waterholes are a key driver of the dry savanna ecosystem and in natural settings, their
presence is often determined by annual rainfall (Chamaillé-Jammes et al., 2007a; Shrader et
al., 2010). The spatial distribution of waterholes often drives wildlife population dynamics
(Young et al., 2009; Simpson et al., 2011; Fullman and Child, 2012). In fact, in dry years,
massive die-offs of wildlife species have been known to occur, due to severe shortages of
drinking water and grazing (Dudley et al., 2001). To this end, understanding trends and

distribution patterns of waterholes is important to the management of wildlife.

Remote sensing is regarded as one of the most appropriate approaches to detect and map
waterholes in different environments. Remote sensing allows observation and systematic
monitoring of waterholes at regular temporal intervals and large spatial extents which would
otherwise be cost and time intensive using traditional field-based methods of surveying and
mapping waterholes (Senay et al., 2013). However, the success of remote sensing in the
detection of waterholes requires the development and/or adoption of appropriate methods
(Deus and Gloaguen, 2013). To date, several remotely sensed indices have been used to
detect surface water in the landscape: NDWI (McFeeters, 1996); MNDW!I (Xu, 2006); AWEI
(Feyisa et al., 2014); and EWI (Ayana et al., 2015). Among these remotely sensed indices,
the MNDW!I has proved to be more superior in delineating water ( Hui et al., 2008; Ji et al.,
2009; Deus and Gloaguen, 2013; Li et al., 2013; Singh et al., 2015). However, the SWI has
also been touted as highly sensitive to surface water, at the global scale compared to former
water detecting indices (Sharma et al., 2015). Yet the successful detection of waterholes

using a water index depends on the selection of appropriate thresholds (Xu, 2006). While



several surface water detecting thresholds have been proposed (Ji et al., 2009), to the best of
the candidate’s knowledge no particular optimal threshold has been tested and proposed for

detecting active waterholes in semi-arid regions such as those of southern Africa.

Temporal trends in waterhole extent and spatial dynamics in waterhole persistence in the
landscape are often a result of dynamics in rainfall especially in semi-arid regions (Gaylard et
al., 2003). One of the ways of further validating remotely-sensed waterhole existence is to
use rainfall data to test whether the waterhole dynamics are related to rainfall using multi-
temporal data. Since waterhole dynamics are related with rainfall in semi-arid regions, it is
reasonable to expect that there is a significant association between dynamics in remotely-
sensed waterholes and rainfall. To the best of the candidate’s knowledge, a few or no studies
have used multi-temporal and spatial rainfall data to validate accuracy of remotely-sensed

waterholes.

This study tested the capability of Landsat satellite imagery-based SWI and MNDW!I to
detect waterholes in HNP, northwest Zimbabwe. Specifically, the study tested for the
existence of a SWI and MNDW!I threshold that could be used to improve the detection of
waterholes. Temporal trends in waterhole extent were tested, in the light of predictions of a
reduction in annual rainfall and increase in drought frequency in semi-arid regions of Africa
(Shrader et al., 2010). Next, to validate accuracy of remotely-sensed waterholes detected
using the better performing water index, the study tested whether there is evidence of
significant variability in waterhole extent in relation to temporal rainfall variation and also

variability of waterhole persistence, in relation to spatial rainfall variation in HNP.
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2.2 Materials and methods

2.2.1 Study site

The study area was Hwange National Park, in northwest Zimbabwe, which is roughly
situated between latitudes 18° S and 20° S and longitudes 25° 4' E and 27° 4' E. It covers an
area of 14 651km? (Figure 2.1). This region belongs to the semi-arid, bioclimatic domain of
Zimbabwe where rainfall ranges between 300 and 800mm annually and the average yearly
temperature is between 20 and 30°C. The climate is characterised by a short wet season from
November to March and a long dry season from April to November. Rainfall varies

seasonally and is patchily distributed in space and time (Dudley et al., 2001).

In Hwange, densities of large herbivore (including elephants (Loxodonta africana), buffalo
(Syncerus caffer), zebra (Equus quagga), giraffe (Giraffa camelopardalis), kudu
(Tragelaphus strepsiceros), wildebeest (Connochaetes taurinus) and impala (Aepyceros
melampus)) are important biodiversity components. Water is one of the main factors limiting
resource availability and influencing wildlife abundance. The primary natural water sources
for wildlife are waterholes and rivers. A greater proportion of these water sources dry up as
the dry season progresses. Critical shortages of drinking water for wildlife are usually
experienced in the dry season. To buffer shortages of natural surface water availability, the

park authorities normally pump water from boreholes.
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Figure 2.1 Map of Hwange National Park showing main surface water features. Map

coordinates are in metres based on UTM zone 35 south, WGS 1984 spheroid

2.2.2 Remotely-sensed data and methods

2.2.2.1 Image acquisition and processing

Landsat images (5 Thematic Mapper (TM), 7 Enhanced Thematic Mapper plus (ETM +) and
8 Operational Land Imager (OLI)) with a spatial resolution of 30m were freely downloaded

from www.usgs.gov website for the dry season period of 1990 to 2016. The dry season was

considered to be from April-October and images were downloaded for this period except for

the years 2000, 2003, 2005, 2008, 2010, 2011 and 2012 due to unavailability of data. Three
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Landsat scenes (Path/Row 172/73, 172/74 and 173/73) were required to cover the study area.
Prior to calculating indices for extracting water surfaces, radiometric correction was first
performed, which involves converting the digital number of pixels to top of atmosphere
reflectance (TOA) using ENVI 5.1 (ITT, 2013). This correction is deemed important
especially when multi temporal analysis is performed. It allows comparison of images at
different dates where sensor geometry, sun angle and atmospheric conditions will be
inconsistent for separate images (Coppin et al., 2004; Schneier-Madanes and Courel, 2010).
Next, the images were mosaicked and a subset of the images was created in a GIS by
overlaying a mosaic with a mask created by digitising all areas considered as open
depressions where water could collect and at some point in time function as waterholes and
filled up depressions already identifiable as waterholes in HNP. Waterhole areas were
digitised from accessible high resolution Landsat imagery made available through Google

Earth (www.googleearth.com) within the period of study (1990-2016). All landcover

surfaces outside of digitised waterhole areas were excluded from classification as there is
often confusion in detection of cloud shadows, terrain shadows and highly vegetated swampy
areas as surface water (Bochow et al., 2012; Du et al., 2012; Verpoorter et al., 2012; Nigro et

al., 2014).

Waterhole areas considered were those at least 2025m? (45*45m) or more in area based on
exploratory data analysis. The 45*45m dimension was deemed a suitable minimum size for
detecting waterholes that can be reliably linked to scale, with the pixels of Landsat images
which are 30*30m in area, while accommodating for the displacement in position of a
waterhole to the fixed position of an image pixel (Lindquist and D’Annunzio, 2016).
Artificial waterholes were also masked based on the Global Positioning System (GPS)

location of artificial waterholes in HNP and excluded from analysis.
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2.2.2.2 Waterhole detection

To identify the waterholes, two indices, the SWI1 proposed by Sharma et al., (2015) and the

MNDWI proposed by Xu, (2006) were used. The SWI index was calculated as follows:

Satwesy — 7 X NIR

SWI =
Satwree) + 7 X NIR Equation 1

where the ‘Saturation (Sat)’ is obtained from the (Hue—Saturation—Value) transformation of
the RGB composite made up of red (R), green (G) and blue (B) bands of Landsat data. The
7.0 coefficient on the near infrared reflectance (NIR) was introduced in such a way that the
raised near infrared reflectance does not reach the saturation values of the water areas
(Sharma et al., 2015). The SWI can efficiently detect very narrow bodies of water, as well as
extract water surfaces despite a variety of background objects and turbidity of water (Sharma

etal., 2015).

The MNDW!I is calculated as follows:

Green — MIR

MNDWI =
Green + MIR Equation 2

where Green is a band such as TM band 2, ETM+ band 2, OLI band 3 and MIR is a middle
infrared band such as TM band 5, ETM+ band 5 or MIR can be substituted by a shortwave
infrared (SWIR) band such as OLI band 6. In fact, the spectral response of water is highly
sensitive in the middle infrared band than in the near infrared band and this allows better
detection of waterholes. Both spectral indices (SWI and MNDWI) typically give positive

values for pixels representing water. Therefore the performance of SWI and MNDWI was
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evaluated in detecting water features i.e. waterholes using Landsat data at selected optimal

thresholds.

Preliminary field surveys were done in HNP but on a relatively small scale (25 waterholes
were surveyed on the ground). Due to the large scale at which this study was done, waterhole
data were acquired from high resolution images made available through Google Earth. For
waterhole presence modelling and validating, data on water presence and absence was
collected from high resolution Landsat images made available through Google Earth

(www.googleearth.com) for April-May 2016. For the previous years (pre-2016) some of the

high resolution image dates coincided with dates when Landsat data were not available while
some historical scenes were not fine enough to accurately distinguish water presence from
absence. In order to evaluate the performance of the two indices in extracting water surfaces,
the dry season MNDW!I and SWI images for 2016 were considered as this period coincided

with dates when data were captured using high resolution Landsat images.

Using 460 randomly selected training points (which represented 70% of water presence and
absence data collected from high resolution images), values of MNDWI and SWI were
extracted at location of waterholes where water was either present or absent. The Binary
Logistic regression model was used to compute the relative significance of MNDW!I and SWI
to predict the probability of water presence. An equal number of surface water presence and
absence points was used for model building, to minimise bias towards the larger group of

sampled points (Liu et al., 2005).
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2.2.2.3 Optimal threshold

Optimal thresholds were determined from waterhole presence modelling using probability of
waterhole presence. For binary classification of the image to a presence and absence map, the
threshold was continuously adjusted based on visual valuation. From the adjustments, the
most applicable cut-off point was the value which minimised the Euclidean distance between
probability curve and the upper left corner of the probability graph, similar to the position of
an optimal threshold from a ROC curve (Cantor et al., 1999). The cut-off value also

corresponded to 95% probability of waterhole presence.

In addition, 30% of withheld points on surface water presence and absence acquired from
high resolution images made available through Google Earth were used as test data for
validating performance of MNDWI and SWI models in detecting surface water. The SWI and
MNDWI images for 2016 were classified using the optimal thresholds computed for SWI and
MNDWI. The test points were overlaid on the classified MNDWI and SWI images and a
confusion matrix to describe performance of each classification model was generated. The
Kappa coefficient which measures the agreement between the classified image (predicted
values) and test data (observed values) while correcting for chance agreements (Jenness and
Wynne, 2005) was calculated to evaluate the performance of the SWI and MNDWI in

detecting surface water at optimal thresholds. The Kappa statistic was calculated as:

Kappa = Equation 3

Where P, is the observed proportion of agreement and P, is the expected proportion of
agreement. The Kappa statistic typically ranges from between 0 and 1, with values closest to

1 reflecting highest agreement (Jenness and Wynnes, 2005). The Kappa coefficient was

16



measured for waterholes larger and smaller than the resolution of the Landsat image, to
evaluate the effect of mixed pixels as a result of small waterholes (Ji et al., 2009). Based on
the Kappa results, the MNDWI performed better than the SWI, thus the MNDWI was
selected for further analysis. Due to unavailability of adequate high resolution imagery for
validating MNDWI detected-waterholes from previous years, the waterholes were validated

by assessing their relationship to rainfall from 1990 — 2016.

2.2.2.4 Spatial pattern of waterholes

Based on the established MNDW!I threshold, waterhole presence for one dry season image for
each year within the study period was classified and this resulted in a total of 19 yearly
images. The spatial distribution of waterholes from classified MNDW!I images was visually
assessed in relation to temporal rainfall categories i.e. below-average, average and above-
average rainfall years. The clustering of waterholes in relation to temporal rainfall patterns
was further analysed using the G nearest neighbour distribution function (Ghat) (Rowlingson

and Diggle, 1993). In the analysis, waterholes were represented by polygon centroids.

2.2.2.5 Rainfall data

TAMSAT (Tropical Applications of Meteorological Satellites) data were used as the source
of spatial rainfall data. The TAMSAT data are quantitative estimates of rainfall made by local
calibration of satellite data against rainfall measurements within climatically similar zones
(Thorne et al., 2001). TAMSAT rainfall estimate data acquired on a 10-day basis and with a
spatial resolution of 4km were downloaded for the period January 1983-July 2016. Satellite-

derived rainfall was checked whether it matched with in situ rainfall measurements. In this
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regard, data were first tested for normality using the Shapiro Wilk test. Results showed that
satellite rainfall data did not conform to a normal distribution (p = 0.011), while the in situ
rainfall measurements did not deviate from a normal distribution (p = 0.277). The non-
parametric Spearman Rank correlation test was then used to assess whether satellite rainfall
estimate data and in situ rainfall were significantly correlated. The Spearman rank correlation
coefficient was used as it is more robust to outliers than the Pearson product-moment
correlation coefficient (Nussbaum, 2014). The Spearman Rank correlation test showed that
there was a statistically positive significant correlation (r = 0.758, p = 0.000) between
TAMSAT rainfall estimates (rfe) and HNP rainfall data from 1984-2005. However a plot of
the data shows that in some years, TAMSAT rainfall estimates tend to underestimate rainfall
amount in relation to in situ rainfall measurements in HNP (Figure 2.2). Next, the TAMSAT
rainfall estimates were used to perform temporal and spatial analysis of rainfall over the
years. For integration with Landsat images, TAMSAT rainfall estimate images were
resampled to 30m using the nearest neighbour method and re-projected to UTM zone 35

south projection and World Geodetic System 1984 datum.
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Figure 2.2 Significant (P < 0.05) correlation between satellite rainfall estimates and Hwange

Main Camp rainfall measurements
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2.2.3 Statistical analysis

2.2.3.1 Trend analysis

In order to test whether waterhole area increased or decreased monotonically over the years
(1990-2016) the non-parametric Mann-Kendall trend test was used. With the Mann-Kendall
trend test there are no distribution assumptions (Helsel and Hirsch, 1993). The basis of the
Mann-Kendall test is to determine change of the median over time. From the 19 classified
yearly MNDWI images pixels classified as water were extracted and also the area of the

water pixels of each year was determined.

2.2.3.2 Waterhole area and annual temporal rainfall relationship

In order to determine whether waterhole area was linked to annual temporal rainfall pattern,
polynomial regression analysis was performed. Prior to regression analysis, distribution of
data was assessed using a scatter plot, which showed that pattern of data did not accurately

conform to a linear fit.

2.2.3.3 Waterhole persistence and spatial rainfall relationship

Waterhole persistence was measured using images acquired on a monthly basis for the entire
dry season for the period 1990-2016. For each waterhole, surface water presence and absence
were recorded using binary coding for each month and water presence counts were averaged
by the number of dry season months for when data were extracted. Waterhole persistence
values had a range of 0-1. For each waterhole, pixel values of mean annual rainfall were
extracted by overlaying the TAMSAT rainfall images with digitised waterhole mask. It was
determined whether waterhole persistence varied in relation to spatial rainfall variability

using Kruskal-Wallis test. Annual rainfall was categorised as above-average, average and
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below-average for each year. Class breaks for above-average, average and below-average
were placed above and below the mean annual rainfall at intervals of standard deviation
where the interval size was 1std, based on the standard deviation classification method in

ArcGIS 10.2 (ESRI, 2014).

2.3 Results

2.3.1 Optimal threshold for detecting waterholes using MNDW!I in HNP

It can be observed that the probability of detecting waterholes using MNDWI is deemed
optimal at -0.29 (Figure 2.3) and using SWI, -0.72 (Figure 2.4). Probability of detecting
waterholes is higher using MNDWI than SWI at their optimal thresholds (Table 2.1).
Detection of water from waterholes is better when excluding waterhole areas less than
2025m? as shown by the Kappa values of 0.85 and 0.24 for MNDW!I and SWI respectively
(Table 2.1). The proportion of waterhole area represented by waterholes less than 2025m? is

0.2.
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Table 2.1 Classification accuracy assessment

Water Index Optimal Kappa coefficient
Threshold including waterhole areas excluding waterholes
<2 025m* <2 025m*
MNDWI -0.29 0.64 0.85
SWi -0.72 0.14 0.24

2.3.2 Mapping waterholes using MNDWI in the dry season in HNP

Significant variations in the spatial distribution of waterholes can be observed during the dry

season (Figure 2.5). Following a below average rainfall season, waterholes become more

concentrated in the northen part of HNP with a few waterholes in the south central parts of

HNP (Figure 2.5a and 2.5b). During an average rainfall season waterholes become

widespread in a manner more pronounced than a below average rainfall season (Figure 2.5¢c

and 2.5d). Next, in an above-average rainfall season, the dry season is characterised by

widespread surface water availability in HNP (Figure 2.5e and 2.5f).
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Figure 2.5 Dry season surface water distribution maps for below average rainfall years a)
May 1995 (130 waterholes detected) b) May 2002 (176 waterholes detected); average rainfall
years ¢) May 1992 (263 waterholes detected) d) June 2007 (505 waterholes detected); above-
average rainfall years €) June 2004 (2001 waterholes detected) f) May 2006 (1593 waterholes
detected). Map coordinates are in metres based on UTM zone 35 south, WGS 1984 spheroid
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For the below average rainfall season, the Ghat function rises slowly for small distance (0.65
at 2500m). When there is average rainfall, there is intermediate increase of Ghat at small
distance (0.85 at 2500m). For the above-average rainfall season, there is a rapid rise of Ghat
for small distance (0.94 at 2500m) (Figure 2.6) indicating that waterhole distribution pattern

becomes more clustered as annual rainfall increases.

2006 Waterholes (above average rainfall)
2007 Waterholes (average rainfall)
2002 Waterholes (below average rainfall)

T v T
10000 15000
Distance (m)

Figure 2.6 Spatial pattern analysis for above-average rainfall season waterholes (May 2006),
average rainfall season waterholes (June 2007) and below-average rainfall season waterholes
(May 2002)

2.3.3 Temporal variations in waterhole area
Based on trend analysis of waterhole area for the period 1990-2016, it can be observed that
there is no significant temporal trend for surface water availability for the dry season (z =

0.2515, p = 0.1417) (Figure 2.7).
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Figure 2.7 Time series for dry season waterhole area

2.3.4 Waterhole area in response to annual temporal rainfall patterns

Based on the quadratic regression model which fitted the data well, it is observed that there is
a curvilinear relationship between annual temporal rainfall and waterhole area (Figure 2.8). It
can be observed that an increase in annual temporal rainfall results in an increase in dry
season waterhole area. Results show that annual temporal rainfall pattern significantly

explains 87% of waterhole area variance in the dry season of each year (Table 2.2).
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Figure 2.8 Quadratic model fit for annual temporal rainfall and waterhole area for the years:

1990; 1991, 1992; 1993; 1994, 1995; 1996; 1997; 1998; 2001; 2002; 2004; 2006; 2007,
2009; 2013; 2014, 2015 and 2016

2.3.5 Waterhole persistence in response to spatial rainfall variability

Waterhole persistence does not significantly differ due to spatial rainfall variability (3x° (2) =

1.594, p = 0.451) (Figure 2.9) in HNP.
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Figure 2.9 Boxplot of dry season waterhole persistence and spatial rainfall variability
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2.4 Discussion

Results of this study show that MNDWI is the water index that better detects waterholes than
SWI. Thus, it is deduced that MNDWI is more efficient at detecting waterholes which can be
as small as 2025m? compared to the SWI (Table 2.1). From the results of this study, it can be
further deduced that the threshold for detecting small surface water features such as
waterholes can be adjusted for optimum agreement between remote sensing-based
classification and high resolution imagery data or ground reference data. In this regard,
results indicate that a threshold of -0.29 is the one suited to semi-arid ecosystems for
detecting waterholes and that it best detects waterholes that are relatively larger than the pixel
size of Landsat satellite imagery. Previous studies have mostly used a threshold of 0 and
above 0 for detecting surface water but this has been mostly used to detect larger surface
water features (Hui et al., 2008; Deus and Gloaguen, 2013; EI-Asmar et al., 2013; Gautam et
al., 2015). However, it is acknowledged that there is need to also test the consistency of the

threshold at a different site experiencing similar conditions.

Results to validate existence of the remotely-sensed waterholes indicate that the remote
sensing-based method used in this study to delineate waterholes, produced results that are
consistent with previous studies done in HNP using ground survey methods, where
interannual fluctuations in rainfall strongly affected natural surface water availability
(Chamaillé-Jammes et al., 2007a). These findings are also consistent with those of Cronje et
al., (2005) in Manyeleti Game Reserve, Gaylard et al., (2003) and Smit, (2013) in Kruger
National Park and Kaptué et al., (2013) in the Sahel semi-arid region. Findings of these
studies show that variation in surface water availability and distribution is strongly linked to
temporal rainfall patterns. However, results to validate remotely-sensed waterholes using

spatial rainfall data show that there is no significant variation in waterhole persistence as a
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result of spatial rainfall variability. This is contrary to the expectation that above-average
rainfall areas would result in high waterhole persistence or that below average rainfall areas
would result in low waterhole persistence. In this study, characterisation of each remotely-
sensed waterhole was not done given the large number of remotely-sensed natural waterholes
that would have to be characterised. However, there is work that has been previously done to
identify waterhole types based on field surveys in HNP (Chamaille-Jammes et al., 2007a) and
it was observed that natural water pans are the most sensitive to rainfall variations compared
to other waterhole types. The result of this study where waterhole persistence was not related
to spatial rainfall variability could be explained by the differences in these waterhole types
i.e. pans or springs. For example, pans are directly fed by rainfall and are likely to respond
linearly to rainfall fluctuations while springs may not behave similarly because they
additionally rely on ground water. Thus, differences in waterhole type or merely low spatial
rainfall variability, or other factors such as percolation due to differences in soil type, size of
pans or animal activity could explain lack of disparities in waterhole persistence. Hence in
this study, it can be deduced that waterholes can be better validated using temporal rainfall

data than spatial rainfall data.

Waterhole mapping at the HNP scale reveals that there is strong evidence of spatio-temporal
variation in distribution and availability of natural surface water as explained by the severity
of the rainfall gradient from year to year. Results of waterhole configuration indicate that
when there is below-average rainfall, water availability is low and waterholes are sparsely
distributed in HNP. When there is average rainfall, water availability is intermediate with
waterholes being concentrated in the north and south of the park. When there is above-
average rainfall in HNP, water availability is high and is widely distributed across the park up

to the end of the dry season. This is not only logical but also consistent with other findings in
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Kruger National Park, South Africa, where above-average rainfall years result in a large
number of persisting pools and below-average rainfall years resulted in only a few deeper
river pools persisting through the end of the dry season (Gaylard et al., 2003). To further
confirm our visual interpretation of waterhole configuration, spatial pattern analysis reveals
an increase in clustering of waterholes at short distance in an above-average rainfall year,
intermediate clustering of waterholes in an average rainfall year and less clustering in a
below-average rainfall year. A snapshot of spatial variation in the distribution and availability
of water at regular time intervals is important for the monitoring of water supply for wildlife

especially during drought years.

Our results indicated that water availability varies from year to year without evidence of a
significant trend and this is contrary to the speculation that surface water availability may be
decreasing due to an increase in aridity in semi-arid regions of Africa (Shrader et al., 2010).
These results are consistent with those of studies done in southern Africa, where over the past
50 years, the total annual rainfall, which has a direct effect on surface water availability, has
shown neither decreasing nor increasing trend in a clear pattern but an increase in variability
of rainfall between the years (Shanahan et al., 2013). For studies done in the semi-arid
regions of Africa, all results to suggest a drying climate have not been statistically significant
(Chamaillé-Jammes et al., 2007b). However, studies done in HNP show that dry years are
becoming drier (Chamaillé-Jammes et al., 2007b), confirming the view of increased drought

severity in arid and semi-arid regions.

This study is distinctive in testing the applicability of remotely-sensed water indices MNDWI

and SWI in waterhole detection as well as the optimal threshold that could be most suited to

28



detecting waterholes in semi-arid areas. It can be concluded that MNDWI can efficiently be
used to detect and map waterholes at an optimal threshold of -0.29. Understanding trends and
distribution patterns of waterholes through the successful mapping of waterholes, is critical
for the management of ecosystems. For example, surface water availability is regarded as a
key driver of elephant impacts on biodiversity (Landman et al., 2012). To this end, this study
provides a necessary preamble to the assessment of the effects of variation of surface water
availability on wildlife population dynamics, as well as their possible effects on surrounding

vegetation heterogeneity in semi-arid ecosystems.

The limitation of this study was the exclusion of a range of smaller waterholes (less than
2025m? in size) which could not be detected using Landsat images because of its medium
spatial resolution (30m). It is recommended that further research is needed in identifying the
spatial resolution of satellite imagery best suited to detecting the spectrum of smaller
waterholes. The minimum size of waterholes that can be considered can at least be twice the
pixel of the satellite remotely-sensed image. A combination of remotely-sensed data i.e.

multispectral images and digital elevation models may also enhance detection of waterholes.
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Chapter 3: Elephant-induced landscape heterogeneity change

around artificial waterholes in a protected savanna woodland

ecosystem

This chapter is based on a manuscript submitted to Remote Sensing Applications: Society
and Environment: Zorodzai Dzinotizei, Amon Murwira and Mhosisi Masocha

Elephant-induced landscape heterogeneity change around artificial waterholes in a protected

savanna woodland ecosystem
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Abstract

In protected areas, establishment of artificial waterholes has been hypothesised to result in
increased elephant (Loxodonta africana) densities around these waterholes which would in
turn result in changes in landscape heterogeneity. To test this hypothesis this study first
assessed the relationship between waterhole distribution from remotely-sensed waterholes
and elephant density in Hwange National Park (HNP), Zimbabwe. The study tested using the
coefficient of variation of the Normalised Difference Vegetation Index (NDVI CoV) the
short-term effects of varying elephant densities on vegetation heterogeneity change at the
landscape scale. This study also tested the relation between artificial waterholes and
surrounding landscape heterogeneity change. In addition the study assessed the potential
influence of spatial variability in rainfall on landscape heterogeneity change. Landscape
heterogeneity change was assessed using the landcover maps for the years 1990 and 2016
based on the post classification method. The landscape metrics: mean patch size; patch
density; class area and mean nearest neighbour distance were used to measure landscape
heterogeneity. Results indicate that elephant density in HNP increases in response to the
increase in concentration of late dry season waterholes. Results indicate that there is no
relationship between elephant density and vegetation heterogeneity change at the seasonal
scale (short-term). This could be attributable to differences in sensitivity and response of
different vegetation types to elephant browsing even the variable foraging preferences of
elephants at the landscape scale regardless of elephant occupation. Findings of this study
imply that in the long term, maintenance of artificial waterholes results in a decrease in
woody vegetation structural heterogeneity through conversion of woodlands to coppiced
bushland in areas with high artificial waterhole density. Findings of this study also show that
landscape heterogeneity change is not being considerably influenced by the existing north-
east to south-west gradient of decreasing rainfall in HNP.
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3.1 Introduction

African elephants (Loxodonta africana) modify the savanna landscape due to the way they
feed, that is, by toppling trees and breaking tree branches, (Hiscocks, 1999; Balfour et al.,
2007; Kerley et al., 2008; Seloana et al., 2017). Thus, at high densities, elephants could alter
woody vegetation structure by reducing tree density, transforming trees to short dense shrubs
and decreasing overall woody vegetation structural diversity, resulting in a changed
landscape configuration and composition ( Trollope et al., 1998; Whyte et al., 2003; Holdo et
al., 2009; Fullman and Bunting, 2014; Guldemond et al., 2017). In water-limited savanna
ecosystems of southern Africa, the adoption and implementation of water provision policies
has facilitated pumping of borehole water in pans to buffer shortages of natural surface water
availability (Freitag-Ronaldson and Foxcroft, 2003). Previous research done in Hwange
National Park, Zimbabwe has reported that the introduction of these artificial waterholes to
satisfy wildlife watering needs particularly during drought years has triggered localised
increases in elephant densities (Chamaillé-Jammes et al., 2007c). Research suggests elephant
densities can be controlled through surface water management for regulating landscape
heterogeneity (Chamaillé-Jammes et al., 2007c, 2016). However, to date, not much is known
about the effects of varying elephant densities on magnitude of landscape heterogeneity
change. Thus, the proper quantification of the effects of elephant densities on woody
vegetation structure based on cost-effective methods such as remote sensing is critical for
managing protected areas in light of changes in function related to provision of artificial

waterholes.

The development of satellite remote sensing and GIS technology has provided an opportunity

to quantify changes in landscape heterogeneity at fine spatial and temporal resolutions as well
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as at large spatial extents and in the long term (O’Neill et al., 1999; Rogan and Chen, 2004;
Fichera et al., 2012). Application of this technology also provides an opportunity for
scientists to better understand elephant density effects on landscape heterogeneity in areas
with artificial waterholes. Several studies have quantified effects of elephants on changes in
woody vegetation For instance Dublin (1995) used aerial photographs to describe changes in
woody vegetation cover and field experimental work to quantify annual rates of tree damage
and mortality caused by elephants. Skarpe et al. (2004) used field assessments on woody
vegetation change and use by elephants in permanent sample sites. Brits et al. (2002) used
field assessments to quantify woody vegetation and composition change in an area with high
elephant densities. Mosugelo et al. (2002) used aerial photographs and field surveys to assess
elephant browsing impact in different vegetation types. Teren and Owen-Smith (2010) used
field surveys to assess tree mortality, sapling abundance and extent of shrub cover in
evaluating the role of elephants in riparian woodland change. However, these studies have
mainly been based on time and cost intensive field-based methods and aerial photographs
hence these were largely conducted either on small spatial extents or over widely spaced
temporal intervals. The quantification of the impacts of different elephant densities on
landscape heterogeneity based on satellite remotely-sensed data is still rudimentary yet it is

critical for understanding impacts of human intervention on savanna ecosystems.

This study tested the relationship between waterhole distribution, mapped using a remote
sensing water index and elephant density in the late dry season, based on data from Hwange
National Park (HNP) in Zimbabwe. Short term (seasonal scale) satellite remotely sensed data
with elephant density data from aerial surveys were used to test whether varying elephant
densities in the short term have significant effects on vegetation heterogeneity change at the

landscape scale. Land cover maps were used with artificial waterhole density data from
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ground surveys to test whether different landscape configuration and composition evolve as a
result of artificial waterholes in the long term. In addition, the influence of spatial variability
in rainfall on landscape heterogeneity change was also evaluated, where mean annual
precipitation is a major driver of woody cover dynamics in semi-arid savanna ecosystems

(Sankaran et al., 2005).
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3.2 Materials and methods

3.2.1 Study site

The study area is Hwange National Park (HNP) which lies between latitudes 18° and 20° S
and longitudes 25, 4° and 27, 4° E in North West of Zimbabwe (Fig 3.1). The park is 14
651km? in areaand is subdivided into 11 management blocks. The park has one of the highest
elephant densities in Africa with an average elephant density of 3 elephants/ km? (Chamaillé-
Jammes et al., 2009b) but there is variability in the spatial distribution of elephants across the
park. The northern blocks comprising the Main Camp and Shapi sustain the highest elephant
density of 9 elephants/km? in the late dry season in some years while the southern block
Shakwanki sustains the lowest elephant density with densities of <0.5 elephants/ km? having
been recorded (Chamaillé-Jammes et al., 2009b; Davies, 1996). Interspersed among artificial
waterholes are hundreds of natural waterholes of varying sizes which are mostly ephemeral

and dry out as the dry season progresses.

The climate is semi-arid, characterised by low and erratic rainfall which varies between 300
and 800mm per annum. The wet season is typically short, from November to March and the
dry season is long, from April to November, with mean annual temperatures between 20 and
30°C. The soil is dominated by Kalahari sand supporting woodland communities dominated
by Combretum spp, Colophospermum mopane and Baikiaea plurijuga. The bushland
communities are more diverse and are made up of a mix of Terminalia sericea, Burkea
africana, Ochna pulchra, Baphia massaensis among other species (Rogers, 1993). Woody

vegetation is interspaced by patches of grassland.
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Figure 3.10 Map of Hwange National Park showing spatial variability of mean elephant
density and artificial waterhole distribution in eleven management blocks. Map coordinates
are in metres based on UTM zone 35 south, WGS 1984 spheroid

3.2.2 Remotely- sensed data and methods

3.2.2.1. Image pre-processing

Landsat 5 TM (Thematic Mapper), Landsat 7 ETM+ (Enhanced Thematic Mapper) and
Landsat 8 OLI (Operational Land Imager) images were downloaded from www.usgs.gov for

the early dry season (April-July) and late dry season (late August—October) for the years:
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1990, 1992, 1993, 1994, 1995, 2001, 2007, 2014 and 2016. To cover the study area three
Landsat scenes (Path/Row 172/73, 173/73 and 172/74) with dates of image capture being as
close as possible were used. For the early dry season of the year 2001 August images were
used since images for the period April-July for that year were not all available. For the year
2007, in the late dry season only two Landsat scenes were used (Path/Row 172/73 and
172/74), the (173/73) scene was not available. Landsat TM, ETM+ and OLI images were
used as their spatial resolution (30m) is fine and suitable for analysis of vegetation response
to spatial variability of elephant distribution at the landscape scale (Shrader et al., 2012). Due
to inaccessibility of some areas covered by the image scenes in our study area, a minimum of
15 ground control points (GCPs) per image scene which included road intersections were
collected from high resolution imagery made available through Google Earth
(www.googleearth.com). The GCPs were used to geometrically correct the 2016 Landsat
image. The nearest neighbour technique was used to resample the image and a root mean
square error less than 0.5 was achieved. Image co-registration for images from previous years
was done using the geometrically registered 2016 Landsat 8 OLI image scenes. Radiometric
correction was done using ENVI 5.1 (ITT, 2013) by converting Digital Numbers (DNs) to
Top-of-Atmosphere Reflectance. This correction is important for reducing between scene
variability due to sensor differences; Earth-sun distance and solar zenith angle (Bruce and
Hilbert, 2006) so that image scenes from different Landsat sensors and acquisition dates are

comparable (Chander and Markham, 2003).

3.2.2.2 Mapping vegetation heterogeneity from remotely sensed image spectral heterogeneity

The spectral variation hypothesis proposes that the spectral heterogeneity of a remotely

sensed image is correlated with landscape structure and complexity which reflects
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heterogeneity of the habitat (Oldeland et al., 2010). The coefficient of variation is a simple
measure of spectral heterogeneity (Rocchini et al., 2010) and coefficient of variation of
NDVI (NDVI CoV) has been successfully used as an index for assessing spatial variability in
vegetation cover (Oindo and Skidmore, 2002) and detecting selectively logged areas in dry
savannas (Mapfumo et al., 2017). CoV using NIR reflectance band in combination with Soil
Adjusted Vegetation Index (SAVI) have also been used in predicting tree species diversity
(Mutowo and Murwira, 2012). Therefore the NDVI CoV was used as a proxy for vegetation
heterogeneity to assess the effects of elephant densities on changes in vegetation cover and
structure through branch breaking, tree toppling, and browsing by elephants from the early
dry season to the late dry season of each year for the years 1990, 1992, 1993, 1994, 1995,
2001, 2007 and 2014. NDVI CoV for the early dry season was subtracted from the NDVI
CoV in the late dry season of each year to assess the magnitude of change in spatial
variability of vegetation cover and structure in relation to different elephant densities across
the landscape in the dry season. NDVI was initially calculated using the Near Infrared (NIR)
spectral band such as TM band 4, ETM+ band 4, OLI band 5 and the red spectral band such
as TM band 3, ETM+ band 3 and OLI band 4. The vegetation index was calculated using the
ratio:

NIR — Red

NDV] = ————F—
NIR + Red

Equation 4

Where NDVI measures vegetation greenness and photosynthetic activity (Walker et
al., 2012). NIR is the band which measures reflectance in the near infrared
wavelength range. Red is the band which measures reflectance in the red wavelength

range. Green vegetation absorbs most of the red light and reflects a large portion of
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near infrared radiation. Calculation of NDVI will result in a range of -1 to +1. Where
zero indicates no vegetation and close to +1 indicates the highest density of green

vegetation.

NDVI CoV was then calculated from the standard deviation (o) of NDVI and mean (1) NDVI

using a neighbourhood filter of 3*3 pixels as follows:

o
NDVI CoV = ;

Equation 5

Where NDVI CoV measures pixel level NDVI variation (Weiss and Milich, 1997). o
is the standard deviation (measure of dispersion from the mean) of NDVI pixel values

and [ is the mean (average) of NDVI pixel values.

3.2.2.3 Mapping land cover types using remotely-sensed data

To map land cover types ground data on land cover was initially collected in the field in HNP
for the early dry season of June 2015 when vegetation cover classes can be better
distinguished from satellite imagery (Weiss et al., 2004). Transects were randomly selected
using Arcview 3.2 (ESRI, 2002) within the Main Camp and Ngamo area in HNP for ease of
accessibility. Transects radiated from 25 waterholes and were 1 km long. The basis for
location of sampling transects was that around waterholes there would be high variation of
vegetation types at short distances. Sample plots 45*45m in size were demarcated at every
200m interval along a transect. In the field each transect was navigated by a handheld GPS, in
all 142 plots were sampled. In each sampling plot, the geographic coordinates of the centre of
the plot were captured and data on the proportion of area covered by each vegetation

type/land cover were recorded based on the visual estimation method. Four broad land cover
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types were identified in the field: Bare ground, Grassland, Bushland and Woodland. The
broad land cover type assigned to each sampling plot was based on the dominant
vegetation/land cover type. When one or more vegetation/land cover strata (bare ground,
grasses, bushes and trees) covered more than 20% of the plot area, the land cover type with
more than 20% forming the uppermost strata layer was assigned the dominant layer/broad
land cover class (FGDC, 1997; Rogers, 1993) as shown (Table 3.1). The vegetation cover
composition classification adopted in this study was to ensure that the vegetation class
differences were optimal based on the 30m spatial resolution of Landsat imagery used in this

study.

Plots from field work in 2015 were overlaid on high resolution images made available

through Google Earth (www.googleearth.com). The high resolution images available which

covered the study area and closely coincided with dates of field work were for the years 2016
and 2013. For landscape scale mapping using Landsat images, larger plot areas of
homogeneous land cover were then digitised at the field plot locations and more sample plots
in less accessible areas in HNP were also digitised. From historical high resolution images
made available through Google Earth (for the years 1989 and 1990), sampling areas
representing the different land cover classes identified in the study area were digitised.
Additional land cover areas that could be easily distinguished from false colour composite
Landsat images for the years 1990 and 2016 were also digitised. Digitised areas from high
resolution imagery were sub sampled to areas of 3*3 pixels based on the spatial resolution of
Landsat imagery. The 3*3 pixel dimensions were deemed suitable to allow linking to Landsat
pixels while accommodating for registration errors and minimising the salt and pepper pixel
effect (Knight and Lunetta, 2003; McCoy, 2005; Rutchey and Godin, 2009). The year 1990

had 240 sample plots and the year 2016 had 252 sample plots. For each year 70% of the
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sample plots were used as training data for image classification while 30% of the sample
plots were withheld and used as test data for validating accuracy of the land cover
classification. The Supervised classification using the Maximum likelihood classifier was
applied to Landsat images (TM) for the year 1990 and (8 OLI) for the year 2016. For image
cleaning a 3*3 pixel smooth filter was applied to remove salt and pepper pixels. Using 30%
of the withheld test data, accuracy of the supervised classification for land cover (Fig 3.2)
was validated. Classification yielded an overall accuracy of 89.1% and a Kappa coefficient of
0.85 for the year 1990 and an overall accuracy of 88.1% and a Kappa coefficient of 0.84 for

the year 2016.

Table 2.1 Land cover type description adopted from Rogers (1993)

Land cover type | Description

Bare ground bare ground cover >20%; grass, shrub or tree cover <20%

Grassland dominant grass cover >20%; herbs and scattered woody vegetation cover <20%
Bushland shrubs <3m are dominant; bush canopy cover >20%

Woodland trees >3m are dominant; open or continuous; tree canopy cover >20%
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Figure 3.2 Classified land cover maps for Hwange National Park for (a) 1990 and (b) 2016
Map coordinates are in metres based on UTM zone 35 south, WGS 1984 spheroid

3.2.2.4 Landscape heterogeneity quantification

To determine the pattern and extent of landscape heterogeneity change landscape metrics
were computed from the classified land cover maps, using Patch Analyst extension (Rempel
and Carr, 2003) in Arcview GIS 3.2 (ESRI, 2002). Mean patch size, patch density, class area
and mean nearest neighbour distance were the selected landscape metrics. Patch density was
defined as the number of patches of each patch type in each landscape unit, mean patch size
as the average area of each patch type in a landscape mosaic (units are in hectares), mean
nearest neighbour distance as the average distance between patches to the nearest
neighbouring patch of the same type (units are in meters) and class area as the total area

comprised by each patch type (units in hectares) (McGarigal and Marks, 1995). Class area
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was converted to class proportion to accommodate differences in area covered by each
management block. Class proportion quantifies landscape composition, while mean patch
size, patch density and the mean nearest neighbour distance are considered as metrics for
landscape configuration (McGarigal and Marks, 1995). Patch density and mean nearest
neighbour distance are also considered good indicators of the extent to which the landscape is
fragmented (Eiden et al., 2000). The choice of landscape metrics was based on the metrics
that can be well interpreted and related to change in landscape structure over time for

instance the patch size decreasing or increasing over time.

3.2.2.5 Surface water detection

To identify waterholes which were holding water in the late dry season, Landsat images for
the late dry season (late August—October) were used, which closely coincided with when
aerial surveys for elephant counts were done. Cloud free images for the late dry season of
1991 were not available so this year was excluded from analysis. To map surface water, the
Modified Normalised Difference Water Index (MNDWI) (Xu, 2006) was used. The MNDWI
has been found to be more robust in delineating surface water (Li et al., 2013; Singh et al.,
2015). The MNDW!I1 was calculated using the Green spectral band such as TM band 2, ETM+
band 2, OLI band 3 and the middle infrared MIR spectral band such as TM band 5, ETM+
band 5 or OLI shortwave infrared spectral band SWIR band 6. The MNDW!I was computed

as:

Green — MIR

MNDWI =
Green + MIR

Equation 6
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Where MNDWI is the index which detects open water features (Xu, 2006). Green is
the band which measures reflectance in the green wavelength range. MIR is the band
which measures reflectance in the middle infrared wavelength range. Water absorbs
most of the middle infrared radiation and reflects a large portion of the green light.
This spectral water index gives a range of pixel values of -1 to 1, at the predefined
threshold of O, water is represented by the positive pixels while the negative pixels
represent the non-water background, however the threshold can be adjusted for
optimum agreement between image data and reference data (Xu, 2006). To delineate
surface water from the non-water background, firstly all visible waterhole areas, river
pools which remain after the ephemeral rivers have dried up in the dry season and
depressions that could in time collect water and function as surface water sources
were manually digitised from high resolution imagery made available through Google

Earth (www.googleearth.com). The digitising procedure was done to mask out the

non-water background whose spectral reflectance in spectral transformations is often
confused with that of water, thereby overestimating surface water (Bochow et al.,
2012; Du et al., 2012; Nigro et al., 2014; Verpoorter et al., 2012). Using high
resolution imagery made available through Google Earth, data on water presence and
water absence was collected from within the digitised water feature boundaries and
used to determine an optimum threshold: which was found to be -0.29, (Dzinotizei et
al., 2017). The -0.29 threshold was used for binary classification of MNDW!I images,
pixels above the optimal threshold were defined as water while those below the
optimal threshold were defined as non-water. Surface water features which had an
area greater than the pixel size of Landsat images (>2025m?) were used in this study.
The 2025m? area was regarded as suitable minimum size for detecting small surface

water features such as waterholes while reliably linking to scale the water features to
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the 900m? pixel dimensions of Landsat images, classification accuracy using

waterhole areas >2025m? had a Kappa coefficient of 0.85 (Dzinotizei et al., 2017).

3.2.2.6 Elephant density data

Elephant density data were acquired from Zimbabwe Parks and Wildlife Management
Authority (ZPWMA), data were from aerial survey reports of elephant counts done in HNP.
The aerial surveys for elephant counts were carried out by ZPWMA and Non-Governmental
Agencies in partnership with ZPWMA. Aerial surveys were done in the late dry season and
sampling was based on the systematic random transect method and standard procedures were
followed as prescribed by Norton and Griffiths (1978). Sampling intensity varied, in areas
where there were expected to be high elephant densities, sampling intensity was higher than
areas were elephant densities were expected to be low. Sampling was done in each of
Hwange National Park 11 blocks i.e. Central A, Central B, Main Camp, Ngamo, Sinamatella,
Shakwanki, Dzivanini, Robins Camp, Mtoa, Shapi and Dandari that are demarcated as shown

in the Map of Hwange National Park (Fig 3.1).

Elephant density data used in this study was aggregated to management block units i.e.
number of elephants per management block and analysis involving elephant density was
conducted at this spatial scale. Data available were for nine years: 1990, 1991, 1992, 1993,
1994, 1995, 2001, 2007, and 2014. For the years 2000, 2002-2005 and 2008-2013 no aerial
surveys were done and for 2006 the aerial survey was not completed due to technical
problems with the plane. For the year 1991 there were no cloud free Landsat images available
for the late dry season (late August—October), so this year was excluded from analysis. Late

dry season elephant density for a given year was matched with MNDW!I waterhole density
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data for the late dry season to determine the influence of waterhole distribution on elephant
densities across the landscape. NDVI CoV change data for the dry season was related with
late dry elephant densities in order to assess the short-term (i.e. seasonal) effects of different
elephant densities on vegetation heterogeneity change. The zonal statistics tool in ArcGIS
10.2 (ESRI, 2014) was used to integrate NDVI CoV change data and elephant density data

for each stratum.

3.2.2.7 Artificial waterhole data

Anrtificial waterhole data were acquired from a spatial database of artificial waterholes in
HNP, in all the park has ~69 artificial waterholes these were mostly established pre-1990 and
were used for analysis in this study. Artificial waterhole density was calculated for each
management block, i.e. number of waterholes per management block and analysis involving
artificial waterhole density was also conducted at this spatial scale. Main Camp, Ngamo and
Robins Camp have a high density of artificial waterholes hence elephant densities were
expected to be high in the dry season for the long term. In contrast, Shakwanki, Central A and
B and Dzivanini have a low density of artificial waterholes hence elephant densities were
expected to be the low in the dry season for the long term. To assess the long term effects of
elephant densities due to artificial waterholes on landscape heterogeneity change land cover
maps for two dates: 1990 and 2016 were used to detect the changes based on the post

classification method using landscape metrics.
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3.2.2.8 Climatic variables

3.2.2.8.1 Spatial rainfall data

TAMSAT rainfall estimate data with ~4 km spatial resolution and a 10-day temporal
resolution were used to map the spatial variability in rainfall in HNP. The TAMSAT
algorithm of estimating rainfall uses a thermal infrared imagery to measure the length of time
a satellite pixel is colder than a given temperature threshold which is then related to rainfall
rate at the surface from rain gauge data (Asadullah et al., 2008; Gebremichael and Hossain,
2010; Thorne et al., 2001). The main advantage of TAMSAT data is the rainfall estimates are
calibrated using local rain gauge data (Gebremichael and Hossain, 2010). TAMSAT rainfall
data were combined for each year and the yearly rainfall images from 1990-2016 were used
to compute the long-term average rainfall image for HNP. The rainfall image was resampled
to 30m and projected to zone 35 south projection and World Geodetic System 1984 datum.
The spatial rainfall image was classified into eight classes based on standard deviation from
the mean; the classified image was comprised of forty polygons representing the eight
standard deviation classes, the number of these polygons was the size of the samples used in

this analysis. Fig 3.3 shows the north-west to south-east gradient of decreasing rainfall.
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Figure 3.3 Classified rainfall map showing long term spatial rainfall variability in HNP. Map

coordinates are in metres based on UTM zone 35 south, WGS 1984 spheroid

3.2.3 Statistical analysis

3.2.3.1 Spatial autocorrelation

Prior to statistical analysis data were tested for spatial autocorrelation using the Moran’s I and
Lagrange Multiplier coefficients computed using GeoDa software (Anselin, 2006). Spatial
weights for the areal data were based on queen contiguity method (Anselin et al., 2006)
where areas sharing the same boundary were considered to likely have an influence on
another due to their close geographical placement. If the Moran’s I was significant but neither

the Lagrange Multiplier test for spatial lag and spatial error autocorrelation were significant,
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the null hypothesis of spatial autocorrelation was rejected and non-spatial statistical methods
were then used (Mariani and Fauzi, 2017). If either one or two of the spatial dependence
model tests for Spatial Autoregression (SAR) and Spatial Error (SEM) were significant, the

model with lowest p-value was then selected (Mariani and Fauzi, 2017).

3.2.3.2 Correlation between elephant density and waterhole density at landscape scale

Data were tested for normality using the Shapiro Wilk test prior to statistical analysis. The
relationship between elephant density and waterhole density in each of the 11 management
blocks was tested using the Spearman Rank correlation test since the data did not conform to

a normal distribution (p < 0.05).

3.2.3.3 Relationship between elephant density and vegetation heterogeneity change in the

short term

Prior to correlation analysis, data were tested for normality using the Shapiro Wilk test.
Correlation analysis was used to test the short term effect of different elephant densities on
vegetation heterogeneity change. Specifically, the Spearman Rank correlation analysis was
used to test whether variability in elephant density within management blocks in the late dry
season of a particular year is significantly related with magnitude of change in vegetation

heterogeneity from the early dry season to the late dry season of that year.
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3.2.3.4 Landscape heterogeneity change in relation to artificial waterhole density and spatial

rainfall variability

Ordinary Least Squares Regression and Spatial Autoregressive Models were used to test for
effects of artificial waterhole densities and spatial rainfall variability on land cover mean

patch size, patch density, mean nearest neighbour distance and class proportion change.
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3.3 Results

3.3.1 Correlation between elephant density and waterhole density at the landscape scale
Elephant density (elephants/km?) was significantly and positively correlated with the density
of remotely-sensed waterholes (waterholes/lkm?) i.e. surface water sources available in the

late dry season (rs = 0.559, p = 0.001) (Fig 3.4).
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Figure 3.4 Correlation between elephant density and waterhole density is significant (P <
0.05)

3.3.2 Relationship between elephant density and vegetation heterogeneity in the short term

It can be observed that there is no statistically significant relationship between elephant
density and vegetation heterogeneity change in the short term (rs = -0.155, p = 0.153) (Fig

3.5).
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Figure 3.5 Relationship between elephant density and NDVI CoV is not significant (P >
0.05)

3.3.3 Landscape heterogeneity change in relation to artificial waterhole density

Table 3.2 illustrates that there are significant relationships between density of artificial
waterholes and landscape metric change for different land cover types. It can be observed
there is a significant positive relationship between artificial waterhole density and bushland
mean patch size change (R? = 0.425, p = 0.03) and class proportion change (R* = 0.49, p =
0.016) while there is a statistically significant negative relationship between artificial
waterhole density and bushland patch density change (R® = 0.441, p = 0.026). Results also
show that there is a statistically negative relationship between artificial waterhole density and
woodland mean patch size change (R®> = 0.564, p = 0.008) and woodland class proportion

change (R°=0.68, p = 0.003).
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Table 3.2: Ordinary Least Square (OLS) regression results for the relationship between
artificial waterhole density and Mean Patch Size (MPS), Patch Density (PD), Mean Nearest

Neighbour Distance (MNN) and Class Proportion (CP)

Land
2
Cover Landscape Coefficient R p-value
Type Metrics
MPS -0.00031 0.2138 0.1522
PD -0.00023 0.000043 0.9848
Grassland —\\ N -1.59E-06 0.0103 0.7668
CP -0.025 0.1056 0.3295
MPS 1.61E-05 0.4254 0.0296*
PD -0.0146 0.4413 0.0258*
Bushland
MNN -8.26E-05 0.1228 0.2908
CP 0.0228 0.4904 0.0164*
MPS -0.0014 0.5644 0.0077*
PD 0.0048 0.0682 0.4379
Woodland
MNN 1.23E-05 0.008 0.7943
CP -0.0365 0.68 0.0031*

n=11, corresponding to the management block spatial units.

*Regression is significant at the 0.05 level.

3.3.4 Landscape heterogeneity change in relation to spatial rainfall variability

Table 3.3 illustrates that overall there are no significant relationships between measures of
landscape heterogeneity change and spatial rainfall variability. The relationship is only

statistically significant for grassland mean nearest neighbour distance (R? = 0.854, p = 0.019).
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Table 3.3: Spatial Autoregressive (SAR) model results for the relationship between spatial
rainfall variability and Mean Patch Size (MPS), Patch Density (PD), Mean Nearest

Neighbour Distance (MNN) and Class Proportion (CP)

Land
Cover Landscape N R® p-value
Type Metrics Coefficient
MPS -0.0728 0.8415 0.1746
PD -0.4900 0.8340 0.9124
Grassland —\\ N -0.0035 0.8535 0.0194*
CP -9.7278 0.8378 0.3775
MPS -0.0011 0.8344 0.6974
PD 0.6466 0.8348 0.8108
Bushland
MNN 0.0055 0.8343 0.9051
CP 1.5139 0.8342 0.8254
MPS 0.0182 0.8374 0.4908
PD -0.4379 0.8344 0.9124
Woodland
MNN 0.0097 0.8363 0.2899
CP 3.0952 0.8358 0.7056

n=40, corresponding to polygons representing eight rainfall spatial classes.

*Regression is significant at the 0.05 level.
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3.4 Discussion

Results of this study indicate that elephant density is positively influenced by availability of
surface water in the late dry season. This implies the distribution of surface water in the late
dry season significantly influences the spatial distribution of elephants across the landscape.
As per expectation, as waterhole density increases, concentration of elephants also increases
and this relationship is stronger for areas where late dry season waterholes still hold water.
The result of this study is consistent with the findings of Chamaillé-Jammes et al. (2007c) in
HNP that infer strong association between density of artificial waterholes and elephant
densities. Nevertheless, it can be deduced that this is the first time this hypothesis has been
tested in a spatially explicit way, providing a more efficient way of assessing density of

elephants in relation to availability of surface water resources across landscape units.

While availability of surface water significantly influences the distribution of elephants in the
landscape there are other factors that drive elephant movement patterns and distribution
across the landscape. Elephants are selective when foraging, foraging and movement patterns
which also determine their distribution is influenced by vegetation type with elephants
showing preference for habitats with high proportions of vegetation (Harris et al., 2008) and
which are more heterogeneous (Grainger et al., 2005; De Beer and Van Aarde, 2008).
Elephant distribution is also influenced by substrate fertility where nutrient rich plants on
nutrient rich soils are preferred (Harris et al., 2008; Asner and Levick, 2012). Seasonality,
plant phenology and plant greenness (Loarie et al., 2009) are also key drivers of elephant
foraging and movement patterns and elephants also show preference for certain woody plant
species (O’Connor et al., 2007). The influence of these intricate factors also account for the

distribution and density of elephants in the landscape. However, the distribution of surface
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water in the late dry season can also influence elephant foraging decisions especially when
water becomes a limiting factor and elephants are constrained to forage close to water sources
or in areas with a dense network of waterholes so that they are able to adequately meet both

their drinking and foraging needs.

Results on the short term effect of elephant density on vegetation heterogeneity indicate that
there are no significant changes in vegetation heterogeneity in the dry season due to elephant
densities which could be detected using Landsat-derived NDVI CoV. This is contrary to the
expectation that areas with high elephant densities in the late dry season would show a high
magnitude of change in NDVI CoV in the late dry season. Studies done by Fullman and
Bunting, (2014) in Chobe National Park Botswana, showed that in regions where there was
intensive elephant utilisation impact the moving standard deviation index of vegetation
spectral indices was high. As elephants forage, inevitably there is breaking of branches and
significant removal of plant biomass and in some instances toppling of trees (Hiscocks,
1999). Differences in sensitivity and response of different vegetation types to elephant
browsing could also explain the lack of significant changes. For example areas dominated by
high woody cover might show a low magnitude of change in response to elephant browsing
effects in the short term as effects can be masked, whereas areas predominated by low woody
cover might be more sensitive to browsing effects and show a greater magnitude of change
due to the more open background. Occupancy in a habitat by elephants is driven by variable
factors determining forage quality and intensity vary in different localities across the
landscape and therefore vegetation heterogeneity change may fail to respond linearly to
elephant densities at the landscape scale (Timberlake and Childes 2004; Shrader, 2012).

Therefore this study provides notable insight that in the short term no significant changes to
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vegetation heterogeneity can be detected in savanna woodlands as a result of varying
elephant densities at the landscape scale; however there is need to test consistency of this

result in other ecosystems.

When analysed using satellite remotely-sensed method, the result of this study provide
evidence of considerable elephant density mediated effects on landscape heterogeneity
change driven by artificial waterholes in the long term. Results indicate that mean patch size
for woodland decreases while mean patch size for bushland increases and patch density for
bushland decreases as density of artificial waterholes increases. This result strongly suggests
that there is structural conversion of trees to shrubs at edges of woodland patches which leads
to shrinking of woodland patches and merging of the original and transformed bushland
patches, thereby altering heterogeneity of the landscape. Results of this study indicate that
woodland class proportion decreases while bushland class proportion increases with
increasing density of artificial waterholes across the landscape. It can be inferred that due to
heavy browsing by elephants, there are long-term structural changes to woodland where trees
(Barnes, 1982) are converted to shrubs through coppicing (Mapaure and Mhlanga, 2000;
Rutina et al., 2005; Kerley et al., 2008) thereby severely altering landscape structure by
homogenising woody vegetation in the landscape in areas with high artificial waterhole

density.

Results of this study provide evidence that consistently high elephant disturbance in the long-
term alters landscape composition towards bushland (Styles and Skinner, 1997). This finding
is consistent with deductions made by Teren (2016) in Linyati woodland, northern Botswana,

where in the long term (16-18 years) elephant impact resulted in tall canopy tree woodland
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being replaced by shrubland. Studies done at the micro scale in Kruger National Park
(Trollope et al., 1998) also suggested that changes in woody vegetation involved a change in
structural diversity where woody vegetation is transformed to bushland. In this study from
land cover maps it can also be asserted that there are other factors other than water-driven
elephant densities influencing major changes in landscape heterogeneity in the long term,
mainly in the conversion of bushland to grassland, thereby inhibiting homogenisation of
vegetation to bushland. Results of this study provide evidence that at high densities elephants
induce structural change in woodland patches as they are converted to bushland; however this
could be facilitating forage availability at lower height strata for other smaller browsers
(Kerley et al., 2008). In turn, other smaller browsers could be responsible for the conversion

of bushland to grassland (Rutina et al., 2005) at the landscape scale in HNP.

In this study the influence of spatial rainfall variability on landscape heterogeneity change
was also evaluated, where a natural east west gradient of decreasing rainfall also affects
vegetation productivity (Chamaillé-Jammes et al., 2009a). Results of this study show that
spatial rainfall variability has negligible influence on magnitude of landscape heterogeneity
change. The only significant relationship was of decreasing distance between grassland
patches with increasing rainfall which may infer the influence of spatial rainfall variability on
grassland spatial arrangement. It can therefore be deduced that spatial rainfall variability has

minimum influence on the noticeable landscape heterogeneity change in the long-term.

This study is unique in that assessments and ecological conclusions on both the short term
effects of elephant density and long term effects of elephant densities through artificial

waterholes on landscape heterogeneity could be made using multi-temporal spectral data
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covering a large spatial extent rather than relying only on ground data which is limited in
temporal and spatial extent. Previous studies have mostly assessed vegetation change around
artificial waterholes ‘piosphere effect’ at fine spatial scales (Thrash, 1998; Brits 2002;
Makhabu et al., 2002; Landman et al., 2012; Mukwashi et al., 2012), however this study
provides evidence that elephant density effects are not only considerable at vicinities close to
waterholes but are larger in extent with significant elephant-induced change as a result of
artificial waterholes being observed at the landscape scale. It can be concluded that
maintenance of high elephant densities in the long term indicates that woodland will be
transformed to bushland which could be detrimental to wildlife species’ habitat (Murwira
and Skidmore, 2005; Tews et al., 2004) and maintaining biodiversity (Guldemond et al.,
2017). However, the coppiced bushland provides a favourable habitat for other herbivores
which are speculated to be transforming bushland to grassland thereby enhancing overall
vegetation heterogeneity in the protected area. It can, however, be recommended that in
protected areas surface water provision can be a useful tool for regulating landscape structure
mostly on the long term where the changes are most significant i.e. closing some waterholes
in a series of years to allow shrub recruitment into woodland, thereby regulating structural

diversity of woody vegetation.
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Chapter 4. Understanding effects of water-driven elephant
densities on landscape heterogeneity change using GIS and

remote sensing techniques: A Synthesis

4.1 Introduction

The relationship between elephant density and landscape heterogeneity change is complex
and is largely dependent on a number of interacting factors which drive elephant distribution
across space and time (Van Aarde et al., 2006; Balfour et al., 2007). These complex factors
include the longevity of elephants, the large scales at which they use landscapes, the temporal
and spatial scales of responses of ecosystems affected by elephants (Kerley et al., 2008), as
well as the spatial distribution of landscape resources (Balfour et al 2007; Kerley et al.,
2008). It is also mainly acknowledged that part of the problem in assessing landscape
heterogeneity change and determining their related factors originate from the difficulty in
monitoring vegetation on a big enough scale and long enough time to detect and distinguish
trends from cycles and complex dynamic processes (Western, 2007). Thus, adopting methods
to monitor vegetation changes at large spatial scales as well as large temporal extents is

invaluable.

Remote sensing provides an invaluable source of spatial data which covers large spatial
extents and long temporal scales to better understand the contribution of elephant density on
landscape heterogeneity change and therefore make comprehensive ecological deductions.

Maintaining heterogeneity is critical to the functioning of savanna ecosystems (Beale et al.,
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2013) therefore effective monitoring of surface water resources, elephant movement and
distribution patterns and elephant-induced landscape heterogeneity change is crucial in the
management of savanna ecosystems (Grant et al., 2011). To the best of our knowledge, there
has been limited application of objective spatial methods for mapping and monitoring
distribution of waterholes and quantifying landscape heterogeneity change as a result of

elephant densities for management of semi-arid savanna ecosystems.

In this thesis, the main aim was to test the utility of GIS and remote sensing-based
approaches to understand the effects of elephant density on landscape heterogeneity change
around artificial waterholes in semi-arid savanna landscapes of southern Africa. The thesis
specifically (1) developed an innovative method for objectively detecting waterholes and (2)
related spatial distribution of these remotely-sensed waterholes to elephant density and
assessed the density-related elephant effects as a result of artificial waterholes on landscape

heterogeneity change using GIS and remote sensing methods.

4.2 Detecting and mapping waterholes based on an optimal threshold for MNDWI

The detection of waterholes forms a key basis to understanding elephant distribution patterns
and density related elephant-induced landscape heterogeneity change (Stokke and du Toit,
2002; De Beer and van Aarde 2008; Junker et al., 2008). In this thesis, it was found that
MNDWI is the better performing spectral water index which efficiently detects waterholes at
an optimal threshold of -0.29 (Kappa coefficient was 0.85). This is one of the first few studies
which tested for an objective method to detect and map waterholes and proposed an optimal
threshold based on a robust remote sensing water index for detecting and mapping waterholes

in semi-arid regions. Systematic detection of waterholes using a robust remote sensing
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derived water index allows monitoring surface water availability at large-spatial and long-
temporal extents in place of field-based waterhole monitoring which are constrained by time

and cost and are therefore carried out at limited spatial and temporal scales.

4.3 Remote sensing application in assessing waterhole-elephant density dynamics and

detecting elephant density effects on landscape heterogeneity change

Elephant densities are known to have differential effects on landscape heterogeneity change
as a result of artificial waterholes in protected areas (Balfour et al., 2007; Guldemond and van
Aarde, 2007; Grant et al., 2011). To test this hypothesis, this thesis used waterholes detected
using MNDWI to relate elephant densities to late dry season surface water availability at the
landscape scale. This is one of the first studies which tested waterhole-elephant density
dynamics in a spatially explicit way, providing an efficient means of monitoring waterhole-
herbivore density dynamics at the landscape scale which can guide in managing wildlife

distribution patterns in protected areas.

Using NDVI CoV, landscape metrics and elephant density data from aerial survey counts in
this study, it was found that in the short-term there are no significant changes to landscape
heterogeneity as a result of different elephant density across the landscape. However, in the
long-term at high densities, elephants transform woodland to bushland, which is consistent
with predictions and observations made in previous studies (Cumming et al., 1997; Skarpe et
al., 2004; Teren, 2016). Findings of this thesis imply that artificial waterholes can be useful
in regulating heterogeneity of the landscape, it is suggested that artificial waterholes in areas

with high artificial waterhole densities be closed in a series of years to moderate elephant
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densities and allow bushland to recruit back to woodland. This thesis is distinctive in that
comprehensive ecological deductions on the effect of elephant density as a result of artificial
waterholes could be made using a GIS and remote sensing based approach at the landscape
scale and at different time scales for guiding policy management of artificial waterholes.
Understanding water-driven elephant density landscape heterogeneity change also provides a
necessary basis for more advanced studies to better understand implications of landscape
pattern change on other animal populations, their spatial distribution and their landscape

pattern preference by using satellite images and animal GPS collar data.

4.4 Summary of findings

In this thesis a novel finding was that the optimal threshold for MNDWI that can be used for
detecting waterholes in semi-arid regions of southern Africa is -0.29. This demonstrates that
when objective criteria is used, remotely-sensed waterholes can be used to monitor surface
water availability trends and waterhole-herbivore dynamics, which can guide decisions for
management of wildlife distribution patterns. This thesis also demonstrated that remotely
sensed NDVI CoV can successfully be used to measure elephant density mediated effects on
landscape heterogeneity change in the short-term and landscape metrics (mean patch size,
patch density, class proportion and nearest neighbour distance) can measure long-term
elephant density effects on landscape heterogeneity change. In this thesis, it is concluded that
GIS methods and remotely-sensed data can successfully be used to detect and map
waterholes, assess waterhole dynamics and measure elephant density effects on landscape

heterogeneity for sustainable management of semi-arid savanna ecosystems.
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4.5 Recommendations for future research

While an optimum threshold was successfully used to detect waterholes, further research is
needed in assessing whether this threshold is applicable to remotely-sensed data at different
spatial resolutions. This study did not capture intra-seasonal hydrological dynamics of the
waterholes, their drying and wetting episodes (Nhiwatiwa and Dalu, 2017), in response to
rainfall variability. However, work done in this study provides the prerequisite foundation for
future studies to assess hydrological dynamics associated with waterholes at the landscape
scale. There is also need to come up with predictive models which can link rainfall to number
of waterholes which take into account the finer detail of rainfall patterns (length of dry period
in between rainfall episodes, length of the rainfall season and the number of waterholes
present at different time lags in the wet and dry season) in coming up with well calibrated
predictive models. It is also recommended that future studies done on small spatial scales
further incorporate finer detail of geomorphological characteristics of waterholes and assess
how this influences their response to spatio-temporal dynamics in rainfall. In this thesis,
while evidence was provided that elephants are responsible for the transformation of
woodland patches to bushland, there is need to determine the implication of elephant-induced
landscape heterogeneity change on changes in wildlife diversity to fully understand the
ecological impacts of elephant density and artificial waterholes on semi-arid savanna
ecosystems. There is also need to investigate the temporal interval needed and regeneration
capacity for bushland to recruit to tree woodland in considering reversing elephant-induced
structural change to woody vegetation through the manipulation of artificial waterholes. In
changing the distribution of artificial waterholes through closure or new placement which
will consequently change the distribution and impact of elephants, there is also need to
understand the resilience capacity of the different landscape areas which can accommodate

high elephant densities.
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