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Abstract

Prosopis species (also known as Mesquite), in particular P. glandulosa (Honey Mesquite) have a
negative impact on indigenous biodiversity and the livelihood of communities in the semi-arid and
arid parts of South Africa. The spread of these species is a threat to the environments in which they
have been introduced as they spread at high rates, increase the mortality of indigenous trees and
disrupt important ecosystem processes such as hydrological and nutrient cycles. Due to the negative
impacts of Prosopis on important ecosystem services and South Africa’s native biodiversity, it is
essential for the distribution of these species to be identified, controlled and monitored in order to
mitigate their spread and restore damaged ecosystems. The objectives of this study were to use
Remote Sensing and Geographic Information Systems (GIS) tools to: (i) delineate the distribution of
Prosopis using high resolution satellite imagery, (ii) determine the changes in spatial distribution of
these species in the period 2003-2017, and (iii) use moderate spatial resolution satellite imagery and
ancillary environmental data to predict areas susceptible to future invasion.. The study area used in
this investigation is the Square Kilometre Array (SKA SA) site, situated in Northern Cape Province,
South Africa. Satellite images were classified using Multi-layer Perceptron (MLP) Neural Network
classification algorithm to improve the land use land cover classification accuracy. A WordView-3
image with 1.24 m spatial resolution was used to delineate the distribution of Prosopis in the study
area for the year 2016. Landsat images from the years 2003, 2008, 2013 and 2017 were used to
conduct a change detection analysis. The prediction model developed in the study was able to predict
Prosopis cover for the years 2017 and 2022 cover using ancillary environmental data and land use land
cover maps. The study was also able to quantify the area covered by Prosopis species for the years

2017 and 2022.
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1. Introduction

Prosopis species also known as mesquite, are evergreen, alien invasive plant species commonly found
in the arid north-western parts of South Africa (Zimmermann and Pasiecznik, 2005). These species
were introduced into the country in the 1880s from North and South America for a number of
functions such as providing shade for livestock, fuel wood, pods for fodder and wood for construction
and furniture production (Zachariades et al., 2011). With the establishment and production of this
plant being encouraged by the government in the 1950s, farmers deliberately planted these trees in
large parts of the country (Van Wilgen et al., 2001). In the Western Cape, Northern Cape, Free State
and North West provinces, Prosopis species have been spreading at high rates, having negative
environmental, economic and social impacts (Abdi, 2001; Zachariades et al., 2011). Prosopis in South
Africa covers approximately 1.8 million ha, with an estimated expansion in area ranging from 3.5-

18.0% per annum (Zachariades et al., 2011).

There are numerous species and their hybrids that are major invaders in the arid interior regions of
South Africa (Shackleton et al., 2015). The most common species are Prosopis glandulosa (Honey
Mesquite), P. veltutina and P. chilensis. In addition, P. alba, P. juliflora, P. laevigata, P. pubescens and
P. pallid are also present in the country but are not as common (Shackleton et al., 2015). The spread
of Prosopis has severe negative impact on the arid and semi-arid environments in which they have
been introduced as they spread at high rates, increase the mortality of native trees, and disrupt
important ecosystem processes such as altering hydrology and nutrient cycles (Van Wilgen et al.,
2001; Shackleton et al., 2015). The detrimental threat Prosopis has on indigenous biodiversity and
ecosystem services highlights the importance of identifying, controlling and mitigating their spread in
order to restore damaged ecosystems and protect potential invasion areas (Roura-Pascual et al., 2009;

Ndhlovu et al., 2016).

The successful control of Prosopis depends on early detection of these species and rapid monitoring
and management (West et al., 2016). Information on the distribution and abundance of Prosopis is
required when controlling and reducing the extent of spread of these species (Van Klinken et al.,
2007). This information, captured at the correct scale and accuracy, is also essential for predicting
future spread and devising appropriate management plans and control policies (Van Klinken et al.,
2007). Remote sensing and geographical information systems (GIS) can be utilized to map and model
the distribution of Prosopis (Wakie et al., 2014). In predicting the areas that are more likely to be

infested by invasive alien plant species, it is important to identify the environmental conditions under



which these species grow and spread. The relationships between these environmental conditions are
then used to predict areas with similar conditions to those where the species are found (Wakie et al.,
2014). Remote sensing technology has provided multispectral and multitemporal data that are cost
effective and cover large, complex and inaccessible terrains and ecosystems (Joshi et al., 2004; Cho et
al., 2015). The integration of GIS, remote sensing and modelling algorithms has been utilised
successfully in numerous alien invasion studies in Africa (Van den Berg et al., 2013; Wakie et al., 2014;
Abdou et al., 2016; West et al., 2016). GIS and remote sensing tools favour the delineation of Prosopis

in large areas, therefore allowing for effective monitoring.

With the Prosopis invasion expanding within the Northern Cape Province, the Square Kilometer Array
South Africa (SKA SA) requires a way of detecting and controlling these species. Remote sensing and
GIS technologies provide an effective way of detecting, quantifying and predicting vulnerable areas
that require monitoring for any future invasion. This technology will assist with mapping and

monitoring invasive species, allowing for effective control of these species.



1.1 Problem Statement

Alien invasive species negatively impact indigenous biodiversity and the livelihood of locals in the
Northern Cape (Van den Berg et al., 2013). Prosopis glandulosa is a significant problem in some parts
of the SKA SA site, especially along drainage lines. There are hundreds of hectares in the study area
which are currently affected and a dedicated and coordinated approach will be required to bring the
invasion under control. This control is essential in order to reduce the negative impacts Prosopis has
on limited water resources, limited agricultural potential and native biodiversity of the semi-arid
region (Van den Berg et al., 2013). Acquiring information on the distribution and location of Prosopis

is important in order to stop further spread in these arid regions.

There are numerous studies that have attempted to estimate the spatial extent of alien invasive
species in the Northern Cape (Henderson, 1998, Van den Berg et al., 2013, Mureriwa et al., 2016).
These were aimed at delineating the affected areas and attempting to address the alien invasive
problems faced in the province (Van den Berg et al., 2013). Comprehensive records illustrating the
invasion in the country are available. This includes records by Henderson (1998) which is the South
African Plant Invader Atlas (SAPIA). The SAPIA project was launched in 1994 and was aimed at
collecting information on the abundance, distribution, geographic extent and habitat types of
different alien invasive plant species in southern Africa (Henderson, 1999). The database consists of
information that was collected between 1994 and 1998 (Henderson, 1998). The problem with most
records is that they may be outdated and due to the nature of Prosopis, being a fast growing species,
it is suspected that their spread rate may not be the earlier predicted 3.5-18.0% in area per annum,
but now can be estimated to be as high as 30-40% in area per annum (Zachariades et al., 2011; Wise
et al., 2012). The rate of spread is based on the area of the invaded land. Van den Berg (2013)
estimated that the area covered by Prosopis in the Northern Cape Province increased from 127 821
ha in 1974 to 1 473 953 ha in 2007, with a mean annual increase of 7.4% in area. There may also be

local variations in the rate of spread of these species.

Numerous past studies that attempted to estimate invasive plant species extent were conducted using
traditional field survey techniques and local expert knowledge (Van den Berg et al., 2013; Wakie et al.,
2014). This is a problem as not all invaded areas could be accessed and large areas could not be
delineated using these traditional techniques (Van den Berg et al., 2013; Wakie et al., 2014). This
meant new strategies for monitoring natural resources had to be developed. Remote sensing has
proven to be an essential tool in detecting and monitoring land cover changes due to its ability to

cover large areas in the fraction of time required by field surveys and being cost effective (Cho et al.,



2015). The availability of remote sensing data made it possible for more Prosopis studies to be carried
out (Vanden Bergetal.,2013; West et al., 2016). This has improved our understanding and estimation
of species distribution, but most sensors used were of a lower resolution. This affects the accuracy
and details one may obtain from the low resolution satellite imagery. Research using high resolution
images is required as this will give a more detailed overview of the spread of Prosopis in the country

(Joshi et al., 2004).

Figure 1is a false colour composite image of the SKA site using Bands 4, 5 and 6 to allow for vegetation
to be detected. Based on past environmental assessments and studies undertaken on the SKA site,
the site consists of a number of plant species namely, Rhigozum trichotomum, Acacia karroo,
Stipagrostis and Prosopis. Of these species, assessments have shown that Prosopis is by far the most

abundant plant on site (Milton, 2017).
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1.2 Research Questions

1. Which areas were covered by Prosopis glandulosa in the SKA SA Karoo site in 20167
2. How has the land cover changed in the past 14 years within the study area?
3. Which areas are susceptible to the establishment and growth of Prosopis in the

future?
1.3 Aims

1. The aim of the study was to delineate Prosopis gladulosa and other land use / land

cover (LULC) classes and predict areas susceptible to future invasion.
1.4 Objectives

1. Delineate the distribution of Prosopis glandulosa and other LULC classes using high
resolution WorldView-3 satellite imagery and Multi-layer Perceptron (MLP) Neural
Network algorithm.

2. Determine the change in spatial distribution of Prosopis species from the years 2003,
2008, 2013 and 2017.

3. Determine the areas that are likely to be infested by Prosopis in 2017 and 2022 using
remotely sensed data, ancillary environmental data and the IDRISI Land Change

Modeller.

1.5 Justification

The results of this study will provide the SKA South Africa, Infrastructure and Site Operations
department with detailed information on the distribution, quantity and potential invading areas of
Prosopis on site. This will assist with the establishment of land management strategies and
programmes that will deal with effectively controlling and removing Prosopis, which is required by the
South African National Environmental Management Act: Biodiversity Act No 10 of 2004 (NEMBA). This
control is essential in order to reduce the negative impacts Prosopis has on limited water resources,
limited agricultural potential and native biodiversity of the semi-arid region (Van den Berg et al., 2013).
The National Environmental Management: Biodiversity Act, 2004 also requires landowners to clear

invasive plant species in their property.



2. Literature Review

2.1 Introduction

Quantifying areas occupied by Prosopis is important in order to determine the ecological and socio-
economic impacts of the invasive plant species as well as the feasibility of the management strategies
designed to reduce its expansion (Mirik and Ansley, 2012). This literature review will cover a number
of themes. Prosopis species will first be defined, by describing their appearance, their characteristics
and the location in which these plant species are commonly found. This will lead to a brief description
of their native areas and the ways in which they were introduced into South Africa. The environmental,
economic and social impacts Prosopis has on the communities of South Africa will be evaluated,
looking at how these species affect the environment and people within infested areas. Laws and
regulations to combat and control the spread of Prosopis will also be highlighted. Studies related to
modelling the spread of Prosopis using remote sensing and GIS have increased over the years. These
will be dealt with in the literature review looking at their methodologies and their success in

delineating the distribution of invasive plant species.

2.2 Description of Prosopis

Prosopis shrubs or trees may be defined as evergreen, woody perennials belonging to the
Leguminosae family (Zachariades et al., 2011). In South Africa, these species are usually referred to as
Meskietboom or Mesquites. There are 44 recognized species of the genus Prosopis which are native
to the Americas, Asia and Africa (Choge et al., 2007). Of the 44 Prosopis species, 40 are native to the
Americas with only one species, Prosopis africana, being native to African countries such as Senegal,
Sudan, Uganda and Ethiopia (Geesingis et al., 2004). These species are usually found in arid and semi-
arid environments. This is as a result of these species being drought and heat resistant (Sawal et al.,
2004). The Prosopis taxa shrubs or trees may grow to approximately 3-15m high; with either one main
stem that is usually 6-9 m in height or in multiple stems (Van Klinken and Campbell, 2001). Prosopis
consists of bark that is usually a dark red colour and is rough. The species’ branches mostly consist of
hard thorns (Sawal et al., 2004). The foliage is feathery, usually dark green, but can sometimes be
bluish green. The species flowers are greenish cream to yellow and consists of seed pods that are

about 5-20 cm long (Van Klinken and Campbell, 2001).

The growth of Prosopis is influenced by a number of factors. This includes their ability to establish and
grow in a variety of temperatures, soil types, moistures and light conditions (Weltzin et al., 1998).

Prosopis species have the ability to grow at fast rates and are drought resistant, nitrogen fixing species



that are able to adapt to poor and saline soils in arid and semi-arid environments and are tolerant of
disturbances (Choge et al., 2007). Prosopis species are not entirely dependent on rainfall. Their deep
root system allows for these species to use groundwater supplies Geesingis et al., 2004). The roots of
these species can adapt in a variety of soil conditions. Prosopis roots have been classified as being the
most extensive root system of any plant species in the world (Hoshino et al., 2012). This is a result of
Prosopis roots grow upwards to exploit surface water and also growing long roots that may even reach
a depth of 80 m (Hoshino et al., 2012). The complete and detailed taxonomy of the Prosopis genus

was compiled by Burkart (1976).

2.3 Introduction and spread of Prosopis into South Africa

Prosopis species were originally introduced into South Africa between 1800 and 1960 (Zachariades et
al., 2011). These species were introduced from America, promoted to give socioeconomic and
ecological benefits to farmers and locals in arid environments where other tree species failed to
survive (Zachariades et al., 2011). By the 1960s, the promotion of the deliberate planting of these
trees ceased. This decision was made as a result of the spread and densification of these plant species
(Wise etal., 2012). Prosopis spread out from the designated plantation areas, and today these invasive
species cover several million hectares in the Northern Cape, Western Cape, Free State and North West

provinces (Choge et al., 2007; Zachariades et al., 2011).

The dispersal of Prosopis seeds has been both deliberate and accidental in South Africa. Humans have
transported Prosopis globally for their benefits such as providing firewood, timber, shade and
aesthetic value (Mwangi and Swallow, 2005; Zachariades et al., 2011). In recent years, the spread and
infestation of these species have been influenced by a number of agents. These include floodwaters,
animals and runoff (Van Klinken and Campbell, 2001). Water plays an important role in the spread of
Prosopis seeds because they float. Seed dispersal is enhanced by water flow during high rainfall event
or floodwaters. This is observed by the concentration of Prosopis along ephemeral water courses and
low lying areas (Zachariades et al., 2011). Animals, both wild and domesticated are also main drivers
of the dispersal of seeds by feeding on them (Pasiecznik et al., 2001). This is due to the high sugar
content of Prosopis pods. A variety of herbivores sought after this food source resulting in the dispersal
of seeds in dung (Pasiecznik et al., 2001). Prosopis has therefore been seen establishing around
livestock water points and kraals where livestock and game shelter. Grazing also has an influence in
the growth of these species. Livestock grazing results in a reduction in competition with grasses which

may also increase Prosopis spreading rate (Weltzin et al., 1998).



2.4 Impacts of Alien Invasive Species

The spread of alien invasive species is a major threat to biodiversity, economic development and
human wellbeing in South Africa (Burgiel and Muir, 2010; Abdi, 2011; Tessema, 2012; Wilson et al.,
2013). The negative impacts on biodiversity include the displacement of native species, alteration of
soil chemistry, hydrological cycles, nutrient cycles and alteration of disturbance regimes (fire, erosion
and flooding) (Charles and Dukes, 2008). Alien invasive species also affect humans by altering
ecosystem services including services such as water availability and food security (Charles and Dukes,
2008). Many studies in South Africa have focused on how alien invasive species impact the country’s
water resources (Le Maitre et al., 2000, 2015). This is as a result of the country’s overall dry climate
(Van den Berg, 2013; Le Maitre et al., 2015). Such services are important for human wellbeing and
survival therefore alien invasive plant species need to be closely monitored to reduce such negative

impacts (Tessema, 2012).

2.4.1 Ecological Impacts
Alien invasive species have an impact on natural systems and biodiversity due to their ability to

produce large numbers of offspring, to grow fast and tolerate extreme environmental conditions.
These species are also able to displace indigenous biodiversity and have long distance dispersal
capabilities which affect the natural environment negatively. Alien invasive species affect the
ecosystems by altering their structure and functions which are responsible for producing and

maintaining ecosystem services (Wakie et al., 2014).

Invasive alien plant species have been observed to alter evapotranspiration rates and timing, runoff
and groundwater recharge (Charles and Dukes, 2008). This may result in stream flow and groundwater
recharge reduction, affecting water supply, quality and regulation (Chamier et al., 2012). These species
have the ability to use more water than indigenous species, therefore decreasing water available for
human use and native species (Charles and Dukes, 2008). The increased water use by invasive species
is as a result of a number of factors. According to Le Maitre et al. (2015) these factors are the plant
traits such as having little dependence on rainfall, its size, root depth, leaf area and transpiration rates
(Le Maitre et al., 2000, 2015). Deep roots in a number of alien invasive plant species such as Prosopis
can give rise to increased water use as these roots allow such species to access groundwater and soil
moisture in deep soils. Prosopis species are described as being evergreen and this characteristic also
has a great impact as native species are seasonally dormant during winter (Charles and Dukes, 2008;

Maitre et al., 2015). This increased water use is a problem in South Africa as the country is dry and is
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prone to droughts. If invasive species are left uncontrolled, this may result in water shortages in the

future for human consumption and biodiversity.

In 1996, the Council for Scientific and Industrial Research (CSIR) was appointed by the Water Research
Council to assess the impacts of alien invasive plants on surface water resources (Le Maitre et al.,
2000). An appropriate and reliable model was utilized to estimate the water use of alien invasive plant
species. The information used in the model, captured at an appropriate scale, consisted of data from
a catchment experiment which compared the stream flow under natural vegetation and under
commercial plantations. The model used the idea of forest water used being linked to leaf area which
is linked to biomass, growth and productivity. Bosch et al. (1980) explored the idea of water used
being related to biomass and this was later taken further by Le Maitre et al. (1996) in which a model
was created that converted biomass estimates into estimates of stream flow reduction. The study
concluded that South Africa and Lesotho have approximately 10 million ha of invaded area. The
invaded areas can also be evaluated by observing the ‘condensed’ invasion which illustrates the extent
to which areas are fully invaded (altered to cover 100%). The ‘condensed’ invaded area which if fully
invaded is approximately 1.7 million ha. The estimated incremental water use in South Africa and
Lesotho by alien species is approximately 3300m3per year (33mm/yr) or 6.67% of the mean annual
runoff when calculated using the total invaded area of 10.1 million ha. In a ‘condensed’ area, the
estimated incremental water use is 1 900 m® per ha (19 mm/yr) or910m3/ha/yr. The extent to which
the alien species covers the country varies from province to province, with the Northern Cape and
Western Cape being considered some of the extensively invaded provinces in South Africa. The species
which invaded the largest total area include Melia azedarach, Acacia mearnsii, Prosopis species and
Lantana camaral; where Prosopis species were mainly found in the Northern Cape Province. The
Northern Cape Province was also observed to be the province with the highest impact percentage
where the invaders, mainly Prosopis, uses approximately 910 m? /ha/yr which is about 17% of mean
annual runoff. The study concluded by comparing the water used in plantations and in areas invaded
by alien species. The plantation water use was approximately 93 mm/yr, with invaded areas using
more water of approximately 190 mm/yr. One of the reasons for this is as a result of alien species

establishing close to water resources (Le Maitre et al., 2000).

Soil properties change in response to the introduction of new species. Enhrenfeld (2003) studied the
effects that alien plants have on soil nutrient cycling processes. Changes in species dominance
patterns affect nutrient cycling. These changes are as a result of the changes in the physical properties

of the soil caused by the new species. This study stated that alien invasive plants tend to have more
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extractable inorganic nitrogen and exotic invasive plants have increased rate of nitrogen

mineralization (Enhrenfeld, 2003).

The spread of alien invasive species threatens native biodiversity. Invasive species such as Prosopis
are able to take advantage over native species in the regions that they invade (Richardson and Van
Wilgen, 2004). These species are able to alter community structure and transform ecosystems by using
resources excessively, by adding resources that may not be needed, by affecting soil properties, and
by accumulating and redistributing litter and salts (Richardson and Van Wilge, 2004). This results in
population decline of native species. Alien invasive species may also lead to habitat destruction,

fragmentation and loss. This can lead to a collapse of the indigenous ecosystem (Reaser et al., 2007).

2.4.2 Socio economic Impacts
Prosopis and other invasive plant species have an economic impact because they may be in conflict

with other human land uses (Geesingis et al., 2004). These species have an influence on the goods and
services that may be provided by ecosystems needed by humans. Alien invasive tree and shrub species
affect important resources needed by humans such as water availability, food security and reduce
grazing lands (Admasu, 2008). Food productivity and availability for the consumption of humans and
livestock is negatively affected by invasive alien species (Richardson and Van Wilgen, 2004). This takes
place when grazing land is invaded. This reduces grazing potential and reduces indigenous species

(Richardson and Van Wilgen, 2004).

Haji and Mohammed (2013) conducted a study aimed at evaluating the impacts of Prosopis juliflora
on rural communities in Dire Dawa Administration, Ethiopia. The study assessed the income generated
from livestock and crop production in households that are invaded by Prosopis and the households
that are not invaded. A comparative assessment was done using a propensity matching technique
which was developed by Rosenbaum and Rubin (Rosenbaum and Rubin, 1983; Haji and Mohammed,
2013). Out of the 155 households that were randomly sampled, 98% of the respondents had
experience with Prosopis in the last 5-7 years. The findings showed that in invaded agropastoral
households, approximately 59% of the respondents perceived Prosopis as a detrimental and undesired
plant. The remaining 35% stated the plant was both beneficial and destructive with only 5% of
respondents finding it beneficial. The main effects that the respondents observed were the decrease
in the availability of grazing land and fodder (60%), reduced ground water levels (9%), the loss of
biodiversity (7%) and threat to health such as poisonous thorn and allergic reactions (9%).The
respondents mentioned that grass species in their communities have declined, resulting in their cattle

suffering and decreased fodder. This resulted in an increased pressure in available pastures, leading
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to conflict with other neighbouring pastoral and agropastoral communities (Haji and Mohammed,

2013).

Invasion by alien invasive species also affects the tourism sector (Pejchar and Mooney, 2009). South
Africa has a unique plant and animal diversity. If alien invasive species continue to displace native
species, this will threaten this unique biodiversity and therefore result in financial losses for the
country due to the negative impacts these species have on the natural ecosystem (Richardson and
Van Wilgen, 2004). Invasive species such as Prosopis are also health risks for humans and livestock.
These species have thorns which may physically harm humans and animals (Richardson and Van

Wilgen, 2004).

2.5 South African Legislation Relating to Alien Invasive Species

Section 64 of The National Environmental Management: Biodiversity Act (NEMBA), 2004, aims to
prevent the unauthorized introduction and spread of alien invasive species, to manage and control
these species, and to reduce harm that may cause to the environment and biodiversity. The Act also
aims to formulate strategies to eradicate alien invasive species. Section 67 of this Act compels the SKA
SA as an organ of state to prepare an invasive species monitoring, control and eradication plan for
land under their control, as part of their environmental plans in accordance with section 11 of the
National Environmental Management Act. Out of the four categories of Invasive Alien Plans listed in
the NEMBA Alien and Invasive Species Regulations (2004), Prosopis species have been declared as
Category 2 invaders under the Act and its regulations. This means that Prosopis and other species such
as Eucalytus grandis, Ricinus communis, Psidium guajava, Acacoa mearnsii and Leucaena leucocephala
have a commercial or utility value. These are species that may be used for economic purposes that
are of benefits to humans such as providing timber, animal fodder etc. These species are permitted in
demarcated areas under controlled conditions and in controlled areas. They are however not
permitted within 30m of the 1:50 year flood line of a watercourse unless authorized by the
Department of Water and Sanitation. This law has not been implemented in many parts of the country
as most areas that are invaded are privately owned and landowners are not taking responsibility. The
Conservation of Agricultural Resources Act, 1983, (Act No.43 of 1983) is another act that aims to
reduce the spread of invasive alien species. This act states that landowners are responsible for the
clearing of invasive species on their property, but owners do not comply, resulting in more challenges

to reduce the spread.
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The South African government has initiated programmes that will assist with the fight against invasive
alien species. The largest programme is the Working for Water Programme. The Working for Water
Programme is a government programme that is aimed at controlling and reducing invasive alien
species. This programme was established in 1995 and is currently administrated by the Department

of Environmental Affairs.

2.6 Remote Sensing Techniques for Invasive Control

Remote sensing and GIS has been identified by a number of researchers as being a useful tool for
mapping and monitoring invasive alien species and factors that facilitate their dispersal (Joshi et al.,
2004;Amboka and Ngigi, 2015). Due to this technology’s ability to collect information in large, complex
and inaccessible areas, a number of environmentalists, policy makers and resource managers have
been able to analyze the colonization and spread of invasive alien species (Van Klinken and Robinson,
2007). Remote sensing techniques provide a wide range of sensors which consists of a variety of
resolutions which allow for a number of vegetation analyses to take place. Landscape mapping is
necessary for understanding the colonization processes, quantifying impacts and establishing on
ground management policies (Van Klinken and Robinson, 2007). The variety of sensors available, with
different characteristics and abilities, has provided the potential for remote sensing data to detect a
number of forms of invasive species all over the world (Amboka and Ngigi, 2015). Remote sensing is a
non-destructive way of assessing vegetation distribution and allows for the quantification of such

resources in inaccessible and complex terrains (Mirk and Ansley, 2012).

2.6.1 Prosopis mapping in Africa
The use of remotely sensed data for detecting Prosopis species has been used widely by a number of

researchers in Africa (Van den Berg et al., 2013; Wakie et al., 2014; Abdou et al., 2016; Mureriwa et
al.,2016; Meronietal.,2017; Ng et al., 2017). This includes the use of aerial photographs, multispectral
scanners, and ground based spectrometer instruments (Amboka and Ngigi, 2015). The use of
multispectral sensors was done by Van den Berg et al. (2013), Wakie et al. (2014), Abdou et al. (2016),
Meroni et al. (2017) and Ng et al. (2017), where Landsat and Moderate Resolution Imaging
Spectroradiometer (MODIS) multispectral sensors were utilized to delineate Prosopis in South Africa,
Ethiopia, Niger, Somalia and Kenya respectively. Mureriwa et al. (2016) recently used in situ
spectroscopy data to delineate Prosopis and discriminate these species from other vegetation within
the semi-arid region of the Northern Cape, South Africa. These spatial information technologies have
been successful for a number of years in mapping the distribution of natural resources (Van Klinken

and Robinson, 2007).
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Multispectral sensors that have been used in past alien invasive plant species studies include Landsat,
Satellite Pour I’Observation de la Terre (SPOT) and MODIS products (Joshi et al., 2004; Van den Berg
etal.,2013; Wakie et al., 2014). These sensors provided satellite imagery that had a spatial resolution
of 30 m, 20 m and 250 m respectively and have not been considered useful for mapping at species
level, unless the stand of these species is large (Joshi et al., 2004). Van den Berg et al. (2013) utilized
MODIS and Landsat to delineate areas in the Northern Cape Province susceptible to Prosopis invasion
in the future, quantify the current extent and densities of invasion, and to describe the spatial
dynamics of these species in the province. Field observations were also conducted to record
information such as tree height, density, terrain and other dominant species and soil properties (soil
colour, clay content and limestone availability) (Van den Berg et al., 2013). Other datasets that were
utilized include the NASA Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM)
and environmental ancillary data (Van den Berg et al., 2013). Wakie et al. (2014) conducted a similar
study whereby the current and potential distribution of Prosopis was mapped for the Afar region of
Ethiopia. Wakie et al. (2014) not only used DEMs and MODIS satellite images, but also included climate
predictors to delineate areas susceptible to Prosopis invasion. The two studies used the same sensor
but had different data analysis methods with Wakie et al. (2014) using the maximum entropy
modelling software and Van den Berg et al. (2013) using ArcGIS 9.3.2 Model Builder. The studies were
able to delineate current Prosopis distribution. They were also able to predict potential areas for
future invasion both using MODIS images in different African countries. Even though the studies
successfully delineated Prosopis, there were a number of shortfalls and limitations which may have
affected the quality of their final products. MODIS and Landsat have a moderate to low spatial
resolution. Spatial resolution may be described as a measure of the smallest feature that can be
observed on animage (Kerle et al., 2004). The lower the spatial resolution, the limited number of small
features one can observe. Images with a low resolution provide limited information therefore
affecting the kind of detail one may obtain (Van den Berg et al., 2013). They may also allow for

inaccurate classification as pixels may consist of multiple land cover or vegetation types.

Hoshino et al. (2012) utilized Landsat imagery to map Prosopis in Sudan. Landsat has been utilized
since it was launched in 1972 and has allowed researchers to assess land cover change effectively.
Hoshino et al. (2012) and Van den Berg et al. (2013) used this sensor to map the then current
distribution of Prosopis. Both of these studies used the Near Infrared/Red band ratio to discriminate
Prosopis from other vegetation (Hoshino et al., 2012; Van den Berg et al., 2013). This band ratio was

used on images selected from the growing season with the assumption that Prosopis is the greenest
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plant than other vegetation and that Prosopis will be the only plant species that will be detected. This
resulted in other tree species being detected, making the discrimination of Prosopis to other
vegetation not being achieved completely. The confusion of Prosopis with other trees was analysed
by Meroni et al. (2017) when their study aimed to evaluate the spectral signature of Prosopis with
other natural vegetation present in their area of interest. This study revealed the importance of using
spectral information as this has an impact on the outcome of one’s study. It was observed that healthy
Acacia spp and some of the driest Prosopis had similar spectral signatures (Meroni et al., 2017). This
may result in these tree species being confused, therefore affecting the accuracy of the classification
even during dry seasons where Prosopis is observed to be healthier and greener than other indigenous

trees (Meroni et al., 2017).

Recent developments in remote sensing technology have the potential to enable improved accuracy
in mapping invasive plant species and their characteristics (Joshi et al., 2004). These developments
include sensors such as WorldView-3, IKONOS, RapidEye and Sentinel-2 that have a higher spatial and
spectral resolution (Malahlela et al., 2014). Such sensors address the spatial resolution problem as
they have higher spatial resolution and accuracy which makes it suitable for the study as it allows for
a variety of features to be easily identified (Malahlela et al., 2014). Ng et al. (2017) assessed the
potential of Sentinel-2B and Pléiades 1A to detect Prosopis and Vachellia spp around Lake Baringo in
Kenya and to estimate the areas covered. These sensors have a spatial resolution of 10 m and 2 m
respectively. The study concluded that the accuracy of the delineation of Prosopis and Vachellia was
higher in the image with the higher spatial resolution, which was the Pléiades sensor, with a 2 m
resolution. The high resolution Pleiades image was able to detect small habitat patches that the
Sentinel-2B 10 m resolution sensor missed (Boyle et al., 2014; Ng et al., 2017). Shrubs and single trees
were sometimes not detected by Sentinel-2 as they were too small (Ng et al., 2017). High resolution
satellite images assist in detecting narrow, linear features such as riparian corridors (Boyle et al.,
2014). When one attempts to detect Prosopis species, such satellite imagery will be beneficial due to
the nature of the species and its establishment in riparian habitats. These sensors also have spectral
characteristics that improve vegetation cover mapping. WorldView-3, RapidEye and Sentinel-2
satellite consists of new bands such as the red edge band which provide additional sources of

information on vegetation analysis and discrimination (Mahlahlela et al., 2014).

The spectral resolution of the Sentinel-2 and Pléiades sensors played a noticeable role in the
classification results of Prosopis and Vachellia spp. Pléiades 1A has four multispectral bands with a

resolution of 2 m (red, green, blue and near infrared) and one panchromatic band with a resolution of
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0.5 m. Sentinel-2B has a total of 13 spectral bands with four 1 m multispectral (MS) bands (red, blue,
green and near infrared bands), 20 m red edge 1-3, near infrared-2, short wave infrared 1 and 2 bands
and 3 atmospheric correction bands (retrieval of aerosol, water vapour, cirrus) (Ngi et al., 2017). The
Out-of-Bag accuracy was used as a measure for assessing and validating the results. The higher
spectral resolution of Sentinel-2B was able to partly compensate for the lower spatial resolution. This
is evident in Sentinel-2 receiving an equal or better Out-of-Bag result in some vegetation classes
classified as the additional spectral bands contributed to the improved delineation and differentiation
of vegetation type and cover (Ngi et al., 2017). Figure 2 is the land cover classifications around Lake
Baringo in Kenya; with image A being the land cover classification conducted using the Pléiades sensor

and image B being the land cover classification created using Sentinel-2 imagery.
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Figure 2. Land cover classification results: (A) Pleiades, (B) Senitinel-2 in the urban area of Marigat. Pleiades had a higher
accuracy in mapping for Prosopis and Vachellia as the sensor has an improved capacity to detect the location of smaller
features (Ng et al., 2017)

The spatial and spectral characteristics of high resolution satellite images make it a potentially useful
tool for vegetation characterization but their availability and cost are one of the issues one may faces
when attempting to uses them (Boyle et al., 2014; Ngi et al., 2017). High resolution sensors such as
WorldView have limited dates as they were established in the 2000s whereas moderate resolution
sensors such as Landsat have long term time series data which allow for long term monitoring (Boyle

etal., 2014).
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2.6.2 Predictive Modelling
A number of studies have used GIS and modelling algorithms to predict potential areas likely to be

invaded by invasive alien species (Wakie et al., 2014; Abdou et al., 2016; West et al., 2016). Predictive
modelling of Prosopis is essential in order to establish effective monitoring and controlling strategies
of these species. The most commonly used species distribution model (SDM) is the maximum entropy
model, which is commonly known as Maxent (West et al., 2016). The Maxent model is a machine
learning and statistical method which relates known locations of a species (presence-only data) with
the environmental conditions of these locations to predict the potential geographical locations of a
species (Fourade et al., 2014). Maximum entropy models have been used more frequently in
predicting species distribution due to its ability to work with limited data which can be presence only
data (Elith et al., 2011). Presence point data also known as occurrence points and training data may
be described as the species georeferenced locations which describe the species distribution (Kuloba
et al., 2015). Another important advantage is that the Maxent models allows for the use of
environmental data, which is useful when presence data are limited. Through the use of presence data
and environmental data, the Maxent model can attempt to identify the environmental conditions that
are associated with the occurrence of Prosopis. Wakie et al. (2014) and Abdou et al. (2016) utilized
the Maxent model to predict potential Prosopis invasion areas in Ethiopia and Niger respectively. Both
Wakie et al. (2014) and Abdou et al. (2016) used climate variables to predict the potential distribution
of Prosopis, with Wakie et al. (2014) including slope and elevation datasets. Both studies were able to
successfully produce good predictions as the model area under curve (AUC) were 0.94 and 0.953
respectively, which indicate the models had very good predictions and therefore producing
distribution maps with high accuracies (Wakie et al., 2014; Abdou et al., 2016; West et al., 2016). One
of the limitations of using Maxent is that it needs a high computational power. It is difficult to deal
with it computationally. Another limitation of using Maxent it is mostly considered as a black box-style

modelling environment with new and underdeveloped statistics (Pollock, 2015).

This research utilized the IDRISI Land Change Modeller (LCM), which is an integrated software
environment used for analyzing and predicting land cover and land use change (LULCC) (Mishra et al.,
2014; Megahed et al., 2015). The LCM has been successfully utilized to predict land cover and land
use changes in studies conducted by Mishra et al. (2014), Roy et al. (2014) and Megahed et al. (2015)
to predict change in India, France and Egypt respectively. There are four main procedures in the LCM,;
which are the change detection analysis, transition potential modelling, change prediction, and model
validation. The change detection analysis analyzes land cover changes between two different times
(Mishra et al., 2014; Megahed et al., 2015; Eastman, 2016). These changes are illustrated in the form

of graphs and maps. The transition potential modelling procedure is responsible for determining the
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locations of potential change through the creation of transition potential maps (Mishra et al., 2014;
Megahed et al., 2015; Eastman, 2016). The LCM then utilizes change rates calculated from the change
detection analysis, as well as the created transition potential maps and Markov Chain analysis to
predict future land cover land use classes (Mishra et al., 2014; Megahed et al., 2015; Eastman, 2016).
The LCM uses the Markov Chain model matrix to quantify the change and the spatial distribution of
change is given by the Multi-Layered Perceptron (Mishra et al., 2014; Megahed et al., 2015; Eastman,
2016). To assess the quality of the model predictions, the validation procedure needs to be conducted.
There are two approaches used to validate a model; namely the statistical approach and the visual
approach. The statistical approach includes the calculation of Kappa accuracy indices. The visual
approach includes the cross tabulation between the created prediction map and the map in reality to

illustrate the accuracy of the model results (Roy et al., 2014; Eastman, 2016).
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3. Materials and Methods
3.1 Study Area

The SKA site is located in the Northern Cape Province, South Africa. The study area consists of two
farms, namely Losberg Farm and Meysdam Farm, which together have an area of approximately 135
km2.The two farms are situated across two local municipalities which are Kareeberg Local Municipality
and Karoo-Hoogland Local Municipality. The study area is situated approximately 85 km southeast of

Carnarvon, 147 km northwest of Brandvlei and 100 km south west of Williston (Figure 3).

The Northern Cape climate may be described as arid and semi-arid. The province is considered to be
the driest province in South Africa with an average annual rainfall of approximately 200 mm. The
Northern Cape is hot and dry, with its evaporation levels being higher than the annual rainfall. The
summers are hot with temperatures often reaching 40°C in most parts of the province. Winter day
temperatures are mild with a temperature of approximately 22°C, with night temperatures dropping
to below 0°C. The annual rainfall in Brandvlei (100 km away from SKA) is 127 mm and in Carnarvon
(80 km away from SKA) is 209 mm. The peak rainfall season throughout the area is late summer to

autumn (February to April).

The Orange River with its tributaries is the main surface water resource in the Northern Cape.
Groundwater is an important water resource to a large rural population for domestic and agricultural

use. This source of water is essential for communities that are far from rivers.

Most of the vegetation in the study area is classified as Bushmanland Nama Karoo of the Karoo Biome.
The vegetation types are Bushmanland Basin Shrubland and Upper Karoo Hardevel (Hoffman, 1996;
Mucina and Rutherford, 2004).
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3.2 Data Acquisition

3.2.1 Satellite Data

Cloud free Worldview-3 and Landsat satellite images were used in this study. To delineate Prosopis
species accurately, a number of sensor specifications were evaluated. These include the sensors
spatial, spectral and radiometric resolutions. These determine the quality and quantity of information

one may obtain from the different satellite images.
WorldView-3

A 2016 WorldView-3 satellite image was used to delineate the current distribution of Prosopis in the
study area. This satellite was selected as a result of its high spectral and spatial resolution. High
resolution images allow for more accurate delineation and quantification of the feature analysed. In
Table 1, the WorldView-3 specifications are presented. This sensor has a spatial resolution of 1.24 m.
WorldView images allow for the mapping of small, linear features such as riparian corridors (Boyle et
al., 2014). These areas are difficult to detect with lower resolution satellite images. Prosopis species
are found in areas along water sources making the choice of using WorldView-3 more suitable.
WorldView-3 has 8 spectral bands which include 4 standard bands (red, green, blue, NIR-1) and 4
additional new bands (yellow, NIR-2, coastal blue and red-edge) (Table 1). The new bands allow for

enhanced vegetation analysis and delineation (Malahlela et al., 2015).

Table 1. Worldview 3 sensor specifications

Launch Date 13 August 2014

Spectral Resolution Bands Spatial Resolution
Panchromatic (450-800 nm) 0.31m
Coastal (400-450 nm), 1.24m

Red (626 - 696 nm),

Blue (450 - 510 nm),

Red Edge (630 - 769 nm),
Green (510 - 580 nm),
Near-IR1(770 - 895 nm),
Yellow (585 - 625 nm),
Near-IR2 (860 - 1040 nm)

Temporal Resolution <1 day

(https://www.digitalglobe.com/)
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Data selection

Spectral characteristics and image resolution are not the only variables that must be considered when
one is about to acquire remotely sensed data and analyse Prosopis distributions (Joshi et al., 2004). It
is ideal that one gets imagery that is captured during the peak time of plant activity (Van den Berg et
al., 2013). This means one must have an understanding of phenological processes of Prosopis. Meroni
et al. (2017) assessed the spectral signature of Prosopis species and indigenous trees. The study
revealed that Prosopis has a different spectral signature which is more distinct during drier seasons.
In the Northern Cape, Van den Berg et al. (2013) concluded that the best imagery to obtain must be
captured in February to May, therefore confirming that the date in which satellite images were
captured is important in order for one to discriminate Prosopis accurately without confusing it with
other vegetation in the study area. The Worldview-3 imagery available within the preferred period

(February — May) was captured on the 1st and 7th of April 2016. These two scenes were mosaicked.

Landsat 5 and Landsat 8 OLI/TIRS

Landsat satellite images from the years 2003, 2008, 2013 and 2017 were used for the LULC change
detection and to predict future land cover changes. The satellite images used for the years 2003 and
2008 were acquired from the Landsat 5 sensor. The Landsat 5 mission was launched with a Thematic
Mapper (TM) on the 1 March 1984. Landsat 5 TM has seven spectral bands, with a spatial resolution
of 30 m (six reflective bands) and 120 m (thermal band) (Chander et al., 2007).

The satellite images used for the years 2013 and 2017 were acquired from the Landsat 8 sensor. The
Landsat 8 satellite was launched on the 11 February 2013 with two sensors, the Operational Land
Imager (OLI) and the Thermal Infrared sensor (TIRS). Landsat 8 sensor specifications are presented on
Table 2. Landsat 8 consists of 11 spectral bands. The OLI consists of eight bands with a spatial

resolution of 30 m, one panchromatic band with a resolution of 15 m (Skakun et al., 2016).

This sensor was selected as it is one of the few moderate resolution sensors that have images that
date back to the early 2000s. This sensor is ideal for land use land cover change analysis as it has been
collecting images of the earth’s surface since 1972 and has great historical archives (Ma and Xu, 2010).

Table 2 states the Landsat sensors’ specifications.
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Sensor

Landsat 5TM

Landsat 8 OLI/TIR

Launch Information

1 March 1984

11 February 2013

Sensor Bands(um)

Band 1 (30 m) 0.45-0.52 pm
Band 2 (30 m) 0.52-0.60 um
Band 3 (30 m) 0.63-0.69 um
Band 4 (30 m) 0.76-0.90 um
Band 5 (30 m) 1.55-1.75 pm
Band 6 (120*30 m) 10.40-12.50 pm
Band 7 (30 m) 2.08-2.35 um

Band 1 (30 m)0.435 - 0.451 um
Band 2 (30m)0.452 - 0.512 pm
Band 3 (30m)0.533 - 0.590 pum
Band 4 (30m)0.636- 0.673 um
Band5 (30m) 0.851 - 0.879 um
Band6 (30 m) 1.566 - 1.651 um
Band 7 (30 m) 2.107 - 2.294 um
Band 8 (15 m) 0.503 - 0.676 pum
Band 9 (30 m) 1.363 - 1.384 um
Band 10 (100m) 10.60-11.19 um
Band 11 (100m) 11.50-12.51 um

date & Image ID

LTO5_L1TP_174081_20080924 2016
1029 01

Temporal Resolution | 16 days 16 days

Sensor Resolution 30m 30m
Pan15m Pan 15m

Image Acquisition 24/09/2008 22/09/2013

LCO8_L1TP_174081_20130922_2017
0502_01

14/11/2003 17/09/2017
LTO5_L1TP_174081_ 20031114 2016 | LCO8_L1TP_174081 20170917 2017
1203_01 0929 01

Path & Row Path 174; Row 81 Path 174; Row 81

(https://landsat.usgs.gov/)

3.2.2 Digital Elevation Model

A Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) was used to analyse the
terrain and flow paths of the study area. A DEM carries vital elevation information in raster format
that can be used in various hydrologic and geomorphologic studies (Hancock et al., 2006). The SRTM
was launched on the 11 February 2000. This mission was as a result of a collaborative effort by the
National Aeronautics and Space Administration (NASA), the National Imagery and Mapping Agency
(NIMA), the German space agency and Italian space agency (Hancock et al., 2006). The SRTM DEM has

a spatial resolution of approximately 30 m (1 arc-second).

Prosopis species are mainly located in low lying areas and areas close to a water source. The DEM was
used to delineate and extract drainage lines using the ArcGIS Hydro tool. The ArcGIS Hydro tool uses
a DEM to automatically model the flow of water across a surface (Yang et al., 2010). The 30 m SRTM

DEM was used to delineate drainage lines to the study area.

The DEM was also used to analyse the terrain of the study area by creating a slope and elevation map.

Analysing the terrain was essential as Prosopis species have been observed to be located in specific
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terrains, mostly low lying areas. The created drainage lines, slope and elevation maps were used to

model the 2017 and 2022 land cover land use.

3.3 Field Survey

Field surveys in the study area were conducted from 26 September-4 October 2017 and 1-3 November
2017. These surveys were conducted to collect ground reference data used for image classification
(training) and the accuracy assessment. The sampling strategy that was used to collect this information
was the Stratified Random Sampling technique, which has been considered as one of the most
convenient and effective techniques (Liu et al., 2010). A WorldView-3 false colour composite image
was used to locate Prosopis and other land cover types. More ground reference points were taken
from low lying areas and along drainage lines as Prosopis has been observed to be situated in areas
with these environmental conditions. The benefits of utilizing stratified random sampling are not only
limited to cost efficiency, but it also allows for groups to be assessed differently as the desired

precision is not the same for all groups (Kohl et al., 2006; Liu et al., 2010).

A total of 573 field data points were collected using the Garmin Montana 680 handheld GPS and high
aerial photographs. Prosopis and other land cover types were recorded including tree species, location
(longitude, latitude and altitude), tree height, number of stems, a description of the surrounding
landscape, and canopy density. Four canopy density classes were identified during the field survey.
These density classes were closed, medium, moderate and sparse density. The GPS points collected
during the field survey were also overlaid on a high resolution satellite imagery to evaluate the density
classes recorded during the field work for verification. Figure 4 illustrates the density categories

identified.
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Moderate

Figure 4. Example of density categories identified during field survey (scale 66 m)

Out of the 573 collected ground reference points, 148 were of Prosopis. Information collected on these
species included their height, number of stems, surrounding terrain, distance from water source and
density. Figure 5 is a map illustrating density categories of the ground referenced Prosopis sites. The
study area consists of mostly dense Prosopis populations. Out of the 148 Prosopis sites, 26 were of
closed density, 55 were dense, 34 were moderate and 33 were sparse. Information on the abundance
of Prosopis is essential for the control and prevention of these species. When one attempts to
implement eradication and conservation strategies, one must have knowledge of the location of these
species and their extent (Holdmes et al., 2008). This informs the appropriate control and eradication
strategies such as establishing priority areas and methods of clearing.High priority areas may include
areas with a lightProsopis infestation. The clearing of alien invasive plant species in lightly infested
areas is essentialto stop the further spread to surrounding areasand limit intensification of these plant
species(Holdmes et al., 2008). Table 3 illustrates the LULC classes collected with the number of training

and test dataset for each class.



Table 3. LULC classes collected including training and testing dataset

27

Class Training Test Total
Bare rock 46 20 66
Bare soil 59 26 85
Built-up land 47 21 68
Quiver tree 42 18 60
Prosopis 103 45 148
Waterbodies 44 20 64
Shrubland 57 25 82
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The height of these tree species was also measured. Figure 6 illustrate the varying height of the
Prosopis species found on site. The scale used was approximately 1 m. Figure 7 is a map illustrating
the height of the ground referenced Prosopis points. Most of the surveyed species were of a height

between 2-4 m.

Figure 6. Images of Prosopis glandulosa in the study area. These species are located along watercourses and drainage line
(a, b and d) and close to manmade dams and boreholes (d).

The ground reference data was randomly split and regions of interest (ROls) were created. In total,
70% of the ground reference points (for each class) were used for training (image classification) and

30% was used to test the accuracy of the classification through conducting an accuracy assessment on

ENVI 5.2 software.
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3.4 Pre-processing

This process involves correcting distortions one may find in satellite imagery. Remotely sensed data
need to be pre-processed prior to any analysis in order to remove noise and allow for easier

interpretation of the satellite imagery (Xie et al., 2008).

Maintaining radiometric consistency in satellite images is a challenge as a result of the differences in
the calibration or operation of the sensor systems acquiring satellite images, atmospheric conditions,
solar angle and sensor view angle (Kerle et al., 2004; Chen et al., 2005). Due to the distortions that
may be caused by the influences mentioned above, radiometric corrections need to be undertaken to
create consistent satellite images that are captured under a range of conditions (Kelcey and Lucieer,
2012). Radiometric corrections are undertaken to extract absolute reflectance measurements and

reduce the environmental effects (Kelcey and Lucieer, 2012).

To correct geometric distortions, geometric corrections have to be undertaken. This is done by
attempting to establish a relationship between the satellite image’s coordinate system and the
geographic coordinate system. This may be achieved by using ground control points, the calibration

data of the sensor and position and altitude when the image was captured (Xie et al., 2008).

WorldView-3 Imagery

The WorldView-3 satellite imagery was radiometrically and geometrically corrected by the supplier
Digital Globe (Updike and Comp, 2010). The WorldView imagery was atmospherically corrected using
Fast Line-of-sight Atmospheric Analysis of Hypercubes algorithm (FLAASH). FLAASH is an atmospheric
correction tool provided by Environment for Visualizing Images (ENVI) software. WorldView-3 imagery

is of high accuracy and greater quality and therefore may be used without any further processing.

Landsat Images

The Landsat images were atmospherically corrected using the ENVI 5.2Fast Line-of-sight Atmospheric
Analysis of Hypercubes algorithm. Landsat Level-1 images, also known as terrain-corrected images
were used in this study. Landsat Level-1 products are precision registered and orthorectified through
a systematic process that involves ground control points and a digital elevation model. This means
that most of the images provided by Landsat can be used as delivered by the United States Geological
Survey (USGS) (Young et al., 2017). A visual assessment of all satellite images was conducted to ensure

that all of the Landsat images were aligned.

3.5 Data Analysis
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3.5.1 Image Classification of WorldView-3and Landsat Satellite Image

The Worldview-3 and Landsat satellite image was classified using Multi-layer Perceptron (MLP) Neural
Network Classifier on ENVI 5.2 software. The MLP is the most commonly used neural network classifier
in remote sensing (Mustapha et al. 2010). The Neural Network (NN) consists of three layers; namely
the input layer, hidden layer and output layer (Petropoulos et al., 2010, Ndehedehe et al., 2013;
Deilmai et al., 2014; Azizet al., 2017). The three layers each consist of neural nodes, with all the nodes
of a layer being connected to the nodes of the adjacent layers. The interconnection among nodes
carries an associated weight and each node computes the weighted sum of the input and passes the
sum through an activation function that provides the output value of the node (Manaf et al., 2018).
The input layer represents the image used (spectral bands used for classification). The hidden layer
may be described as the engine room of the neural network as it is used for computation. The output
layer consists of the classification results with the generated land cover classes (Ndehedhe et al., 2013;

Delmai et al., 2014; Manaf et al., 2018).

A number of parameters have to be set before a NN classification can be conducted. These include
establishing the training threshold contribution, training rate, training momentum, the training Root
Mean Square (RMS) exit criteria field and the number of hidden layers to be used. The training
threshold contribution determines the size of the contribution of the inner weight with respect to the
activation level of the node and it is used to adjust the changes to a node’s internal weight
(Petropoulos et al., 2010; Ahmadizadeh et al., 2014; Aziz et al., 2017). The training rate specifies the
magnitude of the weight adjustment for the nodes. The training rate has a value between zero and
one. A higher rate will improve the speed of training but will also increase the risk of oscillations or
non-convergence of the training result (Petropoulos et al., 2010; Aziz et al., 2017). The training
momentum is a parameter used to define the step of training rate and its effect is to encourage weight
changes along the current direction (Petropoulos et al., 2010). The training RMS exit criteria define
the root mean square error value at which the training should stop (Petropoulos et al., 2010; Aziz et
al., 2017). Different quantities of training parameters were under trial and error and the output which
provided better results was chosen. The training parameters selected consisted of one hidden layer,
a training threshold contribution value of 0.9, training rate value of 0.2, a training momentum value
of 0.9 and a training root mean square of 0.1. The training parameters selected in this study have been
utilized in a number of studies and they provided the best outputs (Petropoulos et al., 2010;

Ahmadizadeh et al., 2014; Aziz et al., 2017).

The classes selected were shrubland, built-up land, waterbodies, Aloidendron dichotomum (Quiver

tree) and Prosopis glandulosa. The classes were selected based on the current land cover land use in
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the study area. The class shrubland was selected as majority of the study area’s vegetation type is
Bushmanland Basin Shrubland, which may be characterized by slightly irregular plains dominated by
dwarf shrubland, with succulent shrubs or perennial grasses (Thompson, 1996). The study area was
originally a sheep farm but with the establishment of the SKA in the area, there have been buildings
and other man-made structures constructed. These include telescopes, offices and roads. Prosopis
glandulosa is by far the most dominant vegetation in the study area and there are populations of
Aloidendron dichotomum in some of the hills. The study area also consists of numerous streams and
man-made-dams. Figure 8 is a flow chart illustrating the steps followed to classify the 2016 Worldview

image using a NN classification.

Acquire WorldView-3 satellite
imagery (Already radiometrically
and geometrically corrected by
supplier Digital Globe)

}

Locate training and test GPS point

|

Atmospheric Correction

}

Meural Metwork Parameterization

|

Image Classification: MLP Neural Network

}

/ Land cover classification /

|

Accuracy Assessment

Figure 8. Flowchart illustrating the processes followed when classifying the high resolution WorldView 3 image

After the image classification, an accuracy assessment was conducted. This was done to compare the
classified land cover map with the ground-truth data to evaluate how well the classification
represented the real world. This process was performed by creating a Confusion Matrix table in ENVI
5.2 software. This process compares on a class by class basis the relationship between the ground

truth data and the classified image and does so by computing the overall accuracy, producer accuracy
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and user accuracy (Congalton, 1991). The overall accuracy is computed by dividing the total number
pixels classified correctly by the total number of reference pixels. The producer accuracy (omission
error) is calculated by dividing the total number of correctly classified pixels in each class by the total
number of reference data pixels known to be of that class (Congalton, 1991). The user accuracy
(commission error) is calculated by dividing the total number of correctly classified pixels in each class
by the total number of pixels that were classifies in that class. This method of assessing accuracy is
efficient as it represents the accuracies of each class and states the errors of inclusion and errors of
exclusion (Congalton, 1991). In addition, the Kappa coefficient was calculated. This measures the
extent of the classification accuracy (Butt et al., 2015). The Kappa coefficient measures the agreement
between the classified image and the reference data pixels. A kappa value of O represents no
agreement whereas a kappa value of 1 represents a perfect agreement (Butt et al., 2015). In total,

30% of the collected ground reference data was used to test the accuracy of the image classification.

3.5.2 Land Use Land Cover Change detection
Aland use land cover change detection analysis was conducted using Landsat satellite images, which

were classified using the neural network algorithm. The training and test data was collected using high
resolution aerial photographs. In total, 70% of the data was used for training, while the 30% was used
for testing (accuracy assessment). The image classification and accuracy assessment were conducted
in the ENVI 5.2 software. Table 4 presents the LULC classes used in Landsat classification, showing the

training and testing data.

The change analysis was conducted on the IDRISI software. The IDRISI land cover land use change
module provides a fast assessment of the quantitative changes of each land cover class (Eastman,
2016). This analysis is conducted by assessing change between times 1 and time 2 land cover maps.
Change results are then illustrated in the form of graphs and maps, which present the gains and losses
by each land cover class. Other variables calculated by this procedure include the net change and the
contribution to change experienced by each land cover class (Mishra et al., 2014; Eastman, 2016).

Figure 9 illustrates the processes followed to conduct the land cover change detection analysis.
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Figure 9. Flowchart illustrating the processes followed when conducting the land use land cover change detection

Table 4. LULC classes showing the test and training data

2003
Class Training Test Total
Shrubland 47 20 68
Waterbodies 28 12 40
Built-Up Land 49 21 70
Prosopis glandulosa 56 24 80
2008
Class Training Test Total
Shrubland 50 22 72
Waterbodies 35 15 50
Built-Up Land 45 20 65
Prosopis glandulosa | 44 20 64
2013
Class Training Test Total
Shrubland 46 20 66
Waterbodies 29 13 42
Built-Up Land 42 18 60
Prosopis glandulosa 50 22 72
2017
Class Training Test Total
Shrubland 43 19 62
Waterbodies 28 12 40
Built-Up Land 45 19 64
Prosopis glandulosa 54 24 78
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3.5.3 Prosopis Land Cover Change Prediction
The land cover change prediction procedure consists of 4 main stages, namely; the Change Analysis

stage, Transition Potential Modelling stage, Change Prediction stage, and the Model Validation stage.

Figure 10 illustrates the processes followed to conduct the land cover change prediction.
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Figure 10. Flowchart illustrating the processes followed when conducting the 2017 and 2022 land cover prediction

Change Analysis

Future land cover predictions are based on the historical land cover change from time 1 to time 2
(Eastman, 2016). This study used land cover maps for the years 2003 and 2013 to predict the land
cover for the years 2017 and 2022. A land cover land use map for the year 2017 was created to verify
the accuracy on the prediction model, as 2017 satellite images are available to compare with the

prediction map.

Changes between the years 2003 and 2013 were assessed. The changes that took place in this period
represent the transitions from one class to another which is essential in order to identify dominant

transitions to Prosopis glandulosa and other LULC classes.
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Transition Potential Modelling

Transition Potential Modelling is the second step in the Change Prediction process. The aim of this
step is to create transition potential maps which may be described as maps of suitability for each
transition (Eastman, 2016). This process identifies the potential of the land to transition to another
LULC type. Transition potential maps were created, and these were grouped into a sub-model where
exploratory variables or predictor variables were identified (Eastman, 2016). This study used
elevation, slope and distance to watercourses as predictor variables. These were selected based on

literature indicating that these variables affect the establishment and spread of Prosopis.

The potential exploratory power of a variable can be tested to evaluate whether the variable or driving
force is worth being considered. The Cramer’s V test was used to assess the variables. Cramer’s Vis a
correlation coefficient that ranges from 0 to 1, with variables with greater values being considered as

more important than other variables (Roy et al., 2014).

There are three modelling algorithms that are available in LCM. These include the Logistic Regression,
Multi-layered Perceptron Neural Network and Sim-Weight procedure. After the model variables were
selected, the transition sub-model was modelled using the Multi-layered Perceptron Neural Network.
The Multi-layered Perceptron Neural Network was selected in this study as it has been enhanced to
provide an automatic mode that does not require any intervention by the user (Eastman, 2016). The
LCM considers each transition as a separate sub-model but the Multi-layered Perceptron Neural
Network allows for multiple transitions to be grouped into a single sub-model if it is considered that
they all result from the same underlying driving forces (Roy et al., 2014; Megahed et al., 2015;
Eastman, 2016).

Change Prediction

The change prediction procedure uses change rates calculated at the change analysis step as well as
transition potential maps produced in the previous step (Megahed et al., 2015; Eastman, 2016). This
procedure is responsible for determining the quantity of change in each transition through a Markov
Chain analysis. The Markov chain analysis was utilized to obtain transition probability matrix,
transition area matrix and a set of conditional probability images (Behera et al., 2012; El-Hallag and
Habboub, 2015). Behera et al. (2012) described the transition probability matrix as being a file with
records of the probability that each land cover and land use class will change to every other class. A
transition area matrix may be described as the area (in cells) expected to change in the next time
period that also records the number of pixels that are expected to change from one land use and land

cover type to another (Behera et al., 2012). Conditional probability maps are described as a
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cartographical presentation of the transition probability matrix as they state the probability that each

pixel will belong to the designated class in the next time period (Behera et al., 2012).

Model Validation

In order to ensure that the land cover/land use prediction for the year 2022 will produce reliable
predictions, the model had to be validated using existing datasets (Hadi et al., 2014). The validation
procedure involves the use of comparing the predicted land cover/land use areas with the actual
present LULC areas. This study predicted the 2017 LULC through the model to produce a prediction

map that was compared with the actual LULC map for the year 2017.

There are two approaches used to validate a model; namely the statistical approach and the visual

approach.

Visual approach

The visual approach of validating a model refers to one visually comparing the predicted LULC areas
with the actual present LULC areas. The visual approach was conducted to obtain a quick assessment
of the spatial patterns. A simulated LULC map of 2017 was created using 2003 and 2013 LULC maps

and environmental data (slope, distance to watercourses and elevation).

Statistical approach

The purpose of conducting statistical validation is to assess whether the real LULC map agrees with
the prediction map (Nadoushan et al., 2015). The statistical approach evaluates how well the maps
(real map and prediction map) agree in terms of the number of cells in each LULC class, and also how
well the maps (real map and prediction map) agree in terms of the location of the cells in each class
(Pontius et al., 2001; Roy, 2014; Nadoushan et al., 2015; Hua, 2017). To statistically test the strength
of association between the real LULC map and the prediction map, the Cramer’s V and Kappa Index of
Agreement (KIA) was measured. These measures result in coefficients ranging from 0 to 1, with O

meaning there is no correlation between the classes and 1 meaning there is a perfect correlation.

The VALIDATE module from IDRISI was used to measure the Kappa Index of Agreement. This module
guantifies the agreement between the real LULC map and prediction map by calculating the Kappa
index of agreement and its variants which are the Kno, Kiocation and Kstandard (Hadi et al., 2014; Nadoushan
et al., 2015). The K, states the overall agreement and can be utilized to evaluate the overall accuracy
of the prediction (Hadi et al., 2014, Nadoushan et al., 2015). The Kisation indicates the level of

agreement of location between the real LULC map (Hadi et al., 2014; Megahed et al., 2015). The
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Kstandarda Shows the agreement extent in terms of each class (Hadi et al., 2014). A Kappa statistic of 1

indicates a perfect agreement and Oindicates an agreement due to chance (Nadoushan et al., 2015).

The CROSSTAB module from IDRISI was used to measure the Cramer’s V coefficient. The CROSSTAB
checks how two images are similar by performing image crosstabulation and cross correlation
(Eastman, 2016). This includes comparing the categories in first map with those of the second and
measures the association between the images. The Cramer’s V determines the strength of association

between variables (Dzieszko, 2014).

A confusion matrix table was also created to assess the accuracy of the prediction map. This process
compares on a class by class basis the relationship between the ground truth data and the prediction
map (Congalton, 1991). Ground reference points collected during the field survey were used to

calculate the confusion matrix table as field work was conducted in 2017.
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4. Results

4.1 2016 Worldview-3 Land Cover Classification

4.1.1 Results

Figure 12 is the 2016 land cover land use map of the study area classified using Worldview-3 high
resolution satellite imagery. Prosopis glandulosa is estimated to cover an area of approximately 2.15
km?. The overall accuracy of the classification was 76%. Table 5 is the Confusion Matrix table which
compares on a class by class basis the relationship between the classified map and testing ground
reference data. In total, 88% of Prosopis were accurately classified as this class, with 2% being
misclassified as bare rock and 6% being misclassified as quiver trees. The high resolution WorldView

image was able to detect small vegetated Prosopis patches.

In total, 74% were accurately classified as shrubland. Aloidendron dichotomum (Quiver tree) is
sparsely spread along dolerite koppies in the study area. In total, 82.20% of Aloidendron dichotomum
was accurately delineated. In total, 99% of the built-up environment was accurately classified. This

includes the roads, buildings and telescope infrastructure in the study area.

The Kappa coefficient, which measures the agreement between the classified image and the reference
data pixels, was 0.5. This shows a strong association between the classified image and reference data

as a Kappa value of 1 represents a perfect agreement (Butt et al., 2015).

Table 5. Confusion matrix for 2016 Worldview land cover classification

2016 Land Cover Classification
Percent (%)

Class Bare Bare | Built-up Quiver Prosopis (%) | Waterbodies Shrubland | Total

rock soil land (%) | tree (%) (%) (%) (%)

(%) (%)
Bare rock 82.96 0.86 0 8.58 2.42 0 14.62 | 27.57
Bare soil 1.45 | 97.35 0.04 0 0.01 0 1.31 | 1.45
Built-up land 0.99 0 99.92 0.21 1.28 0 0.09 | 0.34
Quiver tree 5.98 0.08 0 82.20 6.52 0 7.17 | 6.96
Prosopis 2.89 0 0.04 5.11 88.59 0.05 2 (236
Waterbodies 0 0 0 0 0 99.95 0 | 0.06
Shrubland 5.72 1.72 0 3.90 1.17 0 74.80 | 61.26
Total 100 100 100 100 100 100 100 | 100
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Figure 11 illustrates the diagram of the RMS training in 1000 iterations. The RMS training plot defines
the root mean square error value at which the training should stop (Petropoulos et al., 2010; Aziz et
al., 2017). The RMS error is shown on the plot during training. If the RMS error decreases below the
entered value, the training will stop. The RMS error on Figure 11 starts from approximately 0.7 and it
drops rapidly to approximately 0.2. This plot shows that the networks RMS error drops rapidly as it
learns. A well trained neural network should have a low RMS error at the end of the training phase,

which is depicted on Figure 11. The classification was then executed.
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Figure 11. RMS plot for the 2016 neural network classification



fFigure 12. 2016 land cover classification using WorldView 3 satellite imagery.
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4.2 Change Detection Analysis

4.2.1 Results

A change detection analysis was conducted using land cover/land use maps created with Landsat
satellite images. Four classes were selected for the classification of the Landsat images. These are
built-up land, waterbodies, Prosopis glandulosa and shrubland. Aloidendron dichotomum was not
included as a class in these classifications as a result of the 30 m spatial resolution of Landsat images.
These tree species are small and could not be delineated using a higher spatial resolution image of

1.24 m.
2003 Land Cover Classification

Figure 13 is the 2003 land cover land use map classified using a Landsat 5 ETM image. The classification
had an overall accuracy of 98%, with a Kappa Coefficient of 0.8498. Prosopis glandulosa may be
observed along drainage lines and two man-made dams in the study area. Prosopis covered an area

of approximately 6.7 km?in the year 2003.

Table 6 is the confusion matrix table of the 2003 land cover classification. In total, 76.68% (569/742
pixels) of Prosopis were accurately classified, with the remaining 157/742 pixels (21.16%) being
misclassified as shrubland. A total of 98.89% (11 328/ 11 328 pixels) of shrubland were accurately
classified, with 0.11% (157/11 502 pixels) being misclassified as Prosopis. A total of 64.29% (9/14
pixels) of built up land were accurately classified with 35.71% (5/14 pixels) being misclassified as
shrubland. In 2003, the SKA had not established in the area. The built-up land refers to the farmhouses
as the study area was used for sheep farming prior the establishment of the SKA and Meerkat

telescopes. Table 7 states the Producer and User Accuracy values.

Table 6. Confusion matrix for 2003 Landsat 5 land cover classification

Class Prosopis glandulosa Waterbodies Shrubland Built-up land Total (%)
(%) (%) (%) (%)
Prosopis 76.68 0 0.11 0 4.80
glandulosa
Waterbodies 0.94 69.23 0 0 0.28
Shrubland 21.16 30.77 99.89 35.71
94.78
Built-up land 1.21 0 0 64.29 0.15
Total 100 100 100 100 100




Table 7. 2003 Accuracy assessment statistics
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Class Commission (%) Omission (%) Commission (Pixel) Omission (Pixel)
Prosopis 2.23 23.32 13/582 173/742
glandulosa
Waterbodies 20.59 30.77 7/34 12/39
Shrubland 1.51 0.11 174/11502 13/11341
Built-up land 50.00 35.71 9/18 5/14
Class Producer accuracy User accuracy (%) Producer accuracy User accuracy (Pixel)
(%) (Pixel)
Prosopis 76.68 97.77 569/742 569/582
glandulosa
Waterbodies 69.23 79.41 27/39 27/34
Shrubland 99.89 98.49 11328/11341 11328/11502
Built-up land 64.29 50.00 9/14 9/18
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2008 Land Cover Classification

Figure 14 is the 2008 land cover land use map classified using a Landsat 5 ETM image. The land cover
classification had an overall accuracy of 97%, with a Kappa Coefficient of 0.7439. Prosopis covered an

area of approximately 6.5 km?in the year 2008.

Table 8 is the confusion matrix table of the 2008 land cover classification. In total, 60.38% (448/742
pixels) of Prosopis were accurately classified, with only 39.62% (294 /742 pixels) being misclassified as
shrubland. In total, 99.96% (11 336/11 341 pixels) of shrubland were accurately classified. Built-up
land had a low classification accuracy. In total, 28.57% (4/14 pixels) were accurately classified as built-
up land with 71.43% (10/14 pixels) being misclassified as shrubland. Table 9 states the Producer and

User Accuracy values.
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Table 8. 2008 Confusion matrix
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Class Prosopis Waterbodies Shrubland (%) Built-up land (%) Total (%)
glandulosa (%) (%)

Prosopis 60.38 0 0.04 0 3.72
glandulosa

Waterbodies 0 87.18 0 0 0.28

Shrubland 39.62 12.82 99.96 71.43 95.95

Built-up land 0 0 1 28.57 0.04

Total pixels 742 39 11341 14 12136

Table 9 2008 Accuracy assessment statistics

Class Commission (%) Omission (%) Commission (Pixel) Omission (Pixel)
Prosopis glandulosa 0.88 39.62 4/452 294/742
Waterbodies 0 12.82 0/34 5/39
Shrubland 2.65 0.04 309/11645 5/11341
Built-up land 20.00 71.43 1/5 10/14
Class Producer User accuracy (%) Producer accuracy User accuracy (Pixel)
accuracy (%) (Pixel)
Prosopis glandulosa 60.38 99.12 448/742 448/452
Waterbodies 87.18 100.00 34/39 34/34
Shrubland 99.96 97.35 11336/11341 11336/11645
Built-up land 28.57 80.00 4/14 4/5

2003-2008 Change Detection

A change detection analysis was conducted for the year 2003-2008. Figure 15 presents the gains and

losses that took place during this period. There was gain in Prosopis of an area of approximately 2.8

kmZand a loss of approximately 3 km?. According to this analysis, there was an overall slight decrease

in Prosopis of approximately 0.20 km?in 5 years (2003-2008), resulting in an average loss rate of 0.04

km?per year. Figure 16 states the net change that took place during this period.
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Figure 15. Gains and Losses graph for the year 2003-2008
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Figure 16. Net change graph for the year 2003-2008

2013 Land Cover Classification

Figure 17 is the 2013 land cover/land use map classified using a Landsat 8 satellite image. The overall
accuracy for this classification was 96%, with a Kappa coefficient of 0.6135. Prosopis covered an area

of approximately 5.7km?in the year 2013.

Table 10 is the confusion matrix table of the 2013 land cover classification. In total, 74.12% (336/453
pixels) of Prosopis were classified accurately, with 25.88% (117/453 pixels) being misclassified as
shrubland. A total of 65.03% (238/366 pixels) of built-up land was accurately classified, with 32.15%
(119/366pixels) being misclassified as shrubland. Built-up land refers to the SKA and Meerkat
infrastructure that was being constructed in the area at the time. One may observe the road
construction on Figure 17, which is the 2013 land cover land use map. Table 11 presents the producer

and user accuracy values of the classification.
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Table 10. Confusion matrix for 2013 Landsat land cover classification
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Class Prosopis Waterbodies | Shrubland (%) | Built-up land Total (%)
glandulosa (%) (%) (%)
Prosopis 74.17 30 2.46 3.12
glandulosa
Waterbodies 0 0 0 0
Shrubland 25.83 70 32.51 95.64
Built-up land 0 0 65.03 1.24
Total 100 100 100 100
Table 11. 2013 Accuracy assessment statistics
Class Commission (%) Omission (%) Commission Omission
(pixels) (pixels)
Prosopis 51.16 25.83 352/688 117/453
glandulosa
Waterbodies 0.00 100.00 0/0 70/70
Shrubland 1.35 1.69 285/21095 358/21168
Built-up land 13.14 34.97 36/274 128/366
Class Producer accuracy | User accuracy (%) | Producer accuracy | User accuracy
(%) (Pixels) (Pixels)
Prosopis 74.17 48.84 336/453 336/688
glandulosa
Waterbodies 0 0 0/70 0/0
Shrubland 98.31 98.65 20810/21168 20810/21095
Built-up land 65.03 86.86 238/366 238/366

2008-2013 Change Detection

A change detection analysis was conducted for the year 2008-2013. Figure 18 shows the gains and

losses that took place during this period. There was a gain in Prosopis of an area of approximately 3.2

kmZand a loss of approximately 4 km?. Figure 19 illustrates the net change that took place in the period

2008-2013. According to this analysis, there was an overall decrease in Prosopis of approximately 0.8

kmZin 5 years, resulting in an average decrease rate of 0.16 km?per year. There was also a drastic

decrease in shrublands during this period and this decrease in vegetation may be attributed to the

increase in built-up land in the study area. Figure 20 presents the contributions to the net change in

built-up land. Shrubland was major contributor to built-up land with Prosopis having a slight

contribution. During this period, the construction of the SKA and associated infrastructure was taking

place. This may be observed on Figure 17, which is the land cover map for the year 2013. Roads and

telescope foundations were being constructed during this period.
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Figure 17. Gains and Losses graph for the year 2008-2013
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Figure 18. Net change graph for the year 2008-2013
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2017 Land Cover Classification

Figure 21is the 2017 land cover map classified using a Landsat 8 satellite image. The classification had
an overall accuracy of 96%, with a Kappa coefficient of 0. 5366. Prosopis covered an area of

approximately 6.3 km?in 2017.

Table 12 is the confusion matrix table for the 2017 land cover classification. A total of 69.39% (331/477
pixels) of Prosopis were accurately classified with the remaining 30.61% (146/477 pixels) being
misclassified as shrubland. A total of 97.64% (20 669/21 168 pixels) of shrubland were accurately
classified. In total, 51.64% (189/366 pixels) of built-up land were accurately classified, with 47.24%
(173/366 pixels) being misclassified as shrublands. Table 13 presents the producer and user accuracy

values.
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Table 12. Confusion matrix 2017 land cover classification

Class Prosopis Waterbodies (%) Shrubland Built-up land Total
glandulosa (%) (%) (%) (%)

Prosopis 69.39 23.08 1.90 1.09 3.38

glandulosa

Waterbodies 0 5.13 0 0 0.01

Shrubland 30.61 71.79 97.6 47.27 95.31
Built-up land 0 0 0.46 51.64 1.30
Total 100 100 100 100 100

Table 13. 2017 Accuracy assessment statistics

Class Commission (%) Omission (%) Commission (pixel) | Omission (pixel)
Prosopis 55.63 30.61 415/746 146/477
glandulosa
Waterbodies 0.00 94.87 0/2 37/39
Shrubland 1.65 2.36 347/21016 499/21168
Built-up land 33.92 48.36 97/286 177/366
Class Producer accuracy | User accuracy (%) Producer accuracy User accuracy
(%) (Pixel) (Pixel)
Prosopis 69.39 44.37 331/477 331/746
glandulosa
Waterbodies 5.13 100.00 2/39 2/2
Shrubland 97.64 98.35 20669/21168 20669/21016
Built-up land 51.64 66.05 189/366 189/286

2013-2017 Change Detection

A change detection analysis for the years 2013-2017 was conducted. Figure 22 illustrates the gains
and losses that took place for each class during this period. There was a gain in Prosopis of an area of
approximately 3.2 km?and a loss of approximately 2.8 km?. There was an overall increase of 0.4 km?
in these tree species during this period and this is presented in Figure 23. This may be attributed to
the extensive vegetation clearing that took place for the construction of infrastructure. This resulted
in Prosopis species growing in these cleared environments and these species invading new areas.
There was an average increase rate of 0.1 km?in the four years 2013-2017. There was a decrease in
shrubland of approximately 4.5 km?. This may also be as a result of the increase in built-up land. More

infrastructure was being constructed during this period.
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Figure 21. Gains and losses for the year 2013-2017
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Figure 23. Prosopis land over changes from 2003-2017
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Figure 24 illustrates the changes in Prosopis land cover from the year 2003-2017. Figure 25 illustrates

the RMS training in 1000 iterations. The RMS training plot defines the root mean square error value

at which the training should stop (Petropoulos et al., 2010; Aziz et al., 2017). The RMS error is shown

on the plot during training. If the RMS error decreases below the entered value, the training will stop.
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These plot shows that the networks RMS error drops rapidly as it learns. The classifications were then

executed.
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4.3 Change Prediction

4.3.1 Results

The land cover change prediction procedure consists of 4 main stages, namely; (1) change analysis
stage, (2) transition potential modelling, (3) the change prediction stage and (4) the model validation

stage.
Change Analysis

Land cover maps for the year 2003 and 2013 and ancillary environmental data (elevation, distance to
watercourse and slope) were used for the land cover prediction. The first step, which is the change
analysis, was conducted using the two classified land cover/land use maps. Figure 26 illustrates the
gains and losses that took place during this period. This figure shows that there was approximately 3.5
km? of Prosopis gained and approximately 4.5 km? lost. There was an overall decrease in Prosopis
during this period and this is mainly due to the increase in built-up land. Prosopis trees were cleared
in specific parts of the study area for the construction of roads and telescopes resulting in a slight
decrease in these tree species in the study area. There was an increase in built-up land of

approximately 1.5 km? which includes roads, buildings and telescopes belonging to the SKA SA.
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Figure 25. 2003-2013 gains and losses graph for land cover prediction

Figure 27 is a change map which illustrates the significant transitions that took place in the study area
during the period 2003-2013. These transitions include; from grassland to built-up land, from
grassland to Prosopis and from Prosopis to grassland. The areas that transition from grassland to built-
up land refer infrastructure constructed by SKA during this period. The transition from grassland to

Prosopis illustrates the invasion and expansion of the distribution of these species in the study area.
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Transition Potential Modelling

Three driver variables were selected to develop the land cover change prediction model. These include
slope, distance to water courses and elevation. The Land Change Modeller differentiates between
static and dynamic variables, with static variables being those that do not change and dynamic
variables being those that change over time (Eastman, 2009). The three driver variables used in this
study were static. The elevation map was created using a 30 m SRTM DEM. The slope model was
created in ArcGIS using the Spatial Analyst tool and the 30 m SRTM DEM. The distance to watercourses
map was created by extracting drainage lines using the DEM and using the Distance Module in IDRISI
to calculate the Euclidean distance from watercourses. This ancillary environmental data is depicted
in Figure 28. These variables were selected based on literature which stated the establishment of
these tree species is determined by the availability of water and the terrain (Wakie et al., 2014;
Ndhlove et al., 2016; Meroni et al., 2017; Ng et al., 2017). The significance of these variables was
tested using the Cramer’s V value. LCM calculates this value automatically and shows the level of
association between the exploratory variables and land cover categories (Eastman, 2009; Roy et al.,
2014). The model illustrated that the most influential variable was elevation with a Cramer’s V value
of 0.1771, followed by the distance to water with a Cramer’s value of 0.1611. According to Eastman

(2009) a Cramer’s V value of 0.15 or higher are useful.

Watercourses Elevation

Figure 27. Driver variables used in the change prediction model

Once the driver variables were tested and selected as drivers of change, transition potential maps
were created for each transition possibility. Transition potentials may be described as the likelihood
of one land cover class to change into another (Roy et al., 2014). To create transition potentials, the
MLP Neural Network modelling algorithm was employed. Transition potential maps were created
based on the historical changes and selected driver variables (Roy et al., 2014). The MLP achieved an

accuracy of 60% and a RMS value of 0.2.

Once the transition potential was calculated and the transition potential maps were created, the

Markov chain analysis was conducted to determine the quantity of change in each transition (Behera
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et al., 2012; Roy et al., 2014). The Markov chain analysis uses two input maps comparing the initial
(T1) and second land cover (T2) to predict the future land cover (T3) using a transition probability
matrix for the future (Roy et al., 2014). Behera et al. (2012) described the transition probability matrix
as being a file with records of the probability that each land cover and land use class will change to

every other class.

2017 Land Cover Prediction

Figure 29 is the 2017 land cover prediction map created using 2003 and 2013 land cover maps,
ancillary environmental data and the IDRISI Land Change Modeller (LCM). The model predicted that

Prosopis covered an area of 8 km?in 2017.
Visual Model Validation

In order to validate the model, a 2017 change prediction map was compared with the actual 2017 land
cover map. Based on a quick visual inspection of the actual 2017 land cover map and the 2017
prediction land cover map, both maps appear to be very similar. The predicted quantity of Prosopis
change is slightly greater than it really was, with the predicted map having an area of 8 km? and the

actual land cover map having an area of Prosopis of approximately 6.3 km?.
Statistical Model Validation

Table 14 illustrates the Kappa statistics parameters which assess the level of agreement between the
real land cover/land use map and prediction map. This assists in measuring the accuracy of the model.
All the Kappa values (Kno, Kiocation, Kstandara) Were above 0.9, which indicates the model had a high
accuracy. This revealed that the model is suitable for accurate prediction of future LULC changes.

Kappa statistics of 1 indicate a perfect agreement between the real map and the prediction map.

Table 14. Statistical model validation

Kappa Parameter Value
Kno 0.9197
Klocation 0.9468

Kstandard 0.9347
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The Cramer’s V value, which measures the strength in association between the images had a value of
0.6. This means that there is a strong association between the predicted LULC map and the actual

2017 LULC map.

Figure 30 compares the pixels of each class in the real LULC map and predicted LULC map for the year
2017. The graph indicated that the model may have slightly over-predicted the land cover changes for
Prosopis. The model estimated that are 9252 pixels of Prosopis, whereas there were 7025 pixels for

this class based on the actual 2017 LULC map.
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Figure 29. Pixel comparison of 2017 real LULC map and 2017 predicted LULC map

A confusion matrix table was created using ERMMAT module (error matrix analysis) on IDRISI to
establish the accuracy of the predicted land cover map using actual ground truth reference data. The
prediction map had a Kappa coefficient of 0.8796. The agreement between the 2017 land cover
prediction map and ground reference data was high, as a Kappa value of 1 represents a perfect
agreement (Butt et al., 2015). Table 15 presents the confusion matrix table for the land cover
predicted map of 2017. In total, 8488/11096 pixels (76.5%) were classified as Prosopis, with the

remaining 2608 pixels (23.50%) being incorrectly predicted as shrubland.



Table 15.Confusion matrix for 2017 prediction map.
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Built-up land Shrubland Prosopis Waterbodies Total
Built-up land 1776/1776 0 0 0 1776
(100%)
Shrubland 0 137 598/137 598 2608/11 096 0 140206
(100%) (23.50%)
Prosopis 0 0 8488/11 096 0 8488
(76.50%)
Waterbodies 0 0 0 31(100%) 31
Total 1776 137598 11096 31 150501

2022 Land Cover Prediction

Predicting areas that are at risk from being invaded by alien invasive species is essential as this may
prevent the further spread and establishment of these species. Areas favourable for these species
need to be monitored, and species distribution models provide this information which can be used by

land managers to inform their control and eradication strategies (Barbet-Massin et al., 2018).

This study predicted the LULC changes for the year 2017 by using LULC maps for 2003 and 2013. The
validation of the model was satisfactory, revealing that the model is appropriate for predicting future
LULC changes. A LULC prediction map for the year 2022 was then generated, using the same data that
was utilized for the 2017 prediction. Figure 31 is the 2022 land cover prediction map. Prosopis is
predicted to cover an area of approximately 9 km?in the year 2022. The density of these species is

expected to increase in areas that had a moderate and dense density.

The study revealed the potential expansion of Prosopis species in the study area. The model predicted
that there will be a significant increase in these species if proper preventative, control and eradication
measures are not developed and implemented. Prediction maps can be used to inform these
strategies which will assist in restoring damaged ecosystems and control the spread of these species.
Construction activities which can influence the establishment of these species need to be monitored.
Areas which are favourable for the establishment and growth of these species need to be constantly

monitored to reduce the risk of invasion.
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5. Discussion
5.1 WorldView-3 Land Cover Classification

The use of high resolution satellite imagery to delineate Prosopis in the study area was successful.
Prosopis species were observed to be along drainage lines, dams and boreholes in the study area. This
was observed on Figure 16. The spatial distribution of these tree species corresponds with literature
and field work observations. These species are mainly located in the lowest and wettest areas where
there is water runoff (Boyle et al., 2014; Ngi et al., 2017). This is where the highest population density
of Prosopis was found. The use of high resolution sensors allowed for the narrow linear zone of trees
to be detected along riparian corridors. WorldView-3 has a spatial resolution of 1.24 m and consists
of eight spectral bands (Table 1). The high spatial and spectral resolution allowed for detection
Prosopis which established in small patches and also along linear habitats (Ng et al., 2017). Prosopis
species were also observed around boreholes in the study area. This shows that these species are not
entirely dependent on surface water. Prosopis species have long roots which allow them to exploit

groundwater supplies (Geesingis et al., 2011).

Most of the invasions along the drainage lines have a dense canopy cover. This may be observed in
Figure 6, which illustrates the density cover of the surveyed Prosopis invasions. Information on the
abundance and distribution of these species is essential as this data informs the types of control and
eradication strategies that must be implemented (Holdmes et al., 2008). The dense cover of Prosopis
along these watercourses has a negative impact on the riparian ecosystem. These species negatively
impact natural systems and biodiversity by altering their structures and functions resulting in native
biodiversity being displaced and water yields being reduced (Charles and Dukes, 2008; Wakie et al.,
2014; Le Maitre et al., 2000, 2015). Environmental managers therefore need to prioritize the clearing
of these species in these areas before the density of these tree species intensifies into closed canopies
(Holdmes et al., 2008). It would also be more cost effective controlling these species when their
density is still sparse, moderate and dense; as more resources would be required if one attempts to

clear invasions that are of a closed canopy cover.

The height of the Prosopis trees along these drainage lines ranges from 2 to 6 m. Figure 7 illustrates
the heights of the surveyed Prosopis. A total of 72/148 (53%) of the surveyed sites had Prosopis trees
with a height of 2-4 m. Out of the 72 trees that were 2-4 m high, 21 of them were observed to have a
sparse density (29%). There were 11/148 (7%) sites that had trees with a height of 1-2 m. Out of the

11 sites, 5 had a sparse density (45%). This shows that these species are still establishing in the area.
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Atotal of 50/148 (34%) of the surveyed sites had Prosopis trees with a height of 4-6 m. A total of 28/50
(56%) of the trees with a height of 4-6 m were observed to be related to densely populated. Half of
the dense trees surveyed are of a height of 4-6 m. These areas should be considered as high priority
areas and clearing should take place before these tree species intensify in density and further increase

in height. This will make clearing efforts difficult and more resources will be required.

The use of a high resolution sensor allowed for not only large stands of trees to be detected, but also
small trees, making this sensor ideal to delineate features in riparian zones, where moderate
resolution sensors may not have detect these features. High resolution imagery has the potential to
provide detailed information on invasive species at the species level. The main limitation of using high
resolution satellite imagery is its availability. Acquiring these high resolution satellite images is
expensive. Conducting long term time series analyses with these images is also a challenge as most of
the advanced sensors were established in the 2000s. This affects the ability for managers to conduct
long term detailed change analyses. The time to process these images was also a challenge. This study
used an advanced classification algorithm. The classification algorithm was able to produce a land
cover land use map with a high accuracy level, but high computational power was required and each

classification ran for approximately 1 day.

5.2 Change Detection Analysis

Aland cover land use change detection analysis was conducted using land cover land use maps created
with Landsat satellite images. The spatial distribution and extent of Prosopis cover in the study area
varies in the period 2003-2017. There are periods in which the species distribution decreases and

periods where they increase, resulting in the species distribution and extent fluctuating over time.

In the period 2003-2008, there was an overall decrease in Prosopis of approximately 0.20 km?. This
may be observed in Figure 20, which is a graph illustrating the net change during this period. During
this period, there was no construction of SKA infrastructure yet. There was an average decrease rate
in Prosopis of approximately 0.04 km?2.For the period 2003-2008, the study area was still used for

sheep farming. No SKA infrastructure development was taking place.

For the period 2008-2013, there was a larger decrease in Prosopis cover in the study area. There was
an overall decrease in Prosopis of an area of approximately 0.8 km?. This may be attributed to clearing
of vegetation for the construction of infrastructure. There was an increase in built-up land of
approximately 1.3 km?that took place in the study area. During this period, the SKA had acquired this

land and the land use changed from sheep farming to astronomy infrastructure. The infrastructure
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that was constructed during this period includes buildings, roads, construction camps and Meerkat

telescopes which are shown as linear feature.

In the period 2003-2013, Prosopis species had been observed to decrease in area, as a result of these
species and shrublands being cleared for the construction of SKA infrastructure. For the period 2013-

2017, there was a sharp increase in Prosopis species of an area of approximately 0.4 km?,

When Prosopis and other vegetation were actively been cleared for the construction of infrastructure
in the study area, one may observe an overall decrease in these species. From the year 2013-2017,
there was no heavy clearance of vegetation as the construction of infrastructure had already
commenced, resulting in the re-growth of these species and them invading new cleared areas. It is
essential for one to monitor the cleared areas regularly as Prosopis seedlings may emerge. It is
important to remove seedling immediately to stop the reestablishment of these species (Holdmes et
al., 2008). Construction activities such as excavations are vulnerable to Prosopis invasion. In this study,
one may observe that with an increase in construction activities, there was an increase in Prosopis
establishment and spread. The study has highlighted the importance of monitoring and maintaining
areas where alien invasive plant species have been removed. Repeated follow-up treatments are
required to ensure that seedlings do not re-establish and to assess if the affected ecosystems are

restored.

Landsat satellite images can be utilized to conduct land cover land use change detection analyses as
they have a historical archive of images, which new high-resolution sensors do not have. This makes
the sensor more suitable for the change detection analyses but its spatial resolution may affect the
level of detail one may obtain. The spatial resolution for Landsat images was a limitation as this sensor
has a spatial resolution of 30 m, compared to 1.24 m spatial resolution for WorldView-3. The
Worldview-3 image was able to delineate tree species along narrow water courses which were not
detected in the Landsat land cover maps. Areas that had a Prosopis density of sparse to moderate

were not detected on the Landsat images but were on the Worldview-3 image.

5.3 Change Prediction

Using land over/land use maps and ancillary environmental data, the land cover for the year 2017 and
2022 was predicted. The prediction accuracy of the 2017 land cover prediction map was tested using
the actual 2017 land cover land use map. The two land cover maps appeared very similar with Prosopis
species appearing in the same areas in both maps. Statistical measures of strength of association
(Kappa Index of Agreement and Cramer’s V coefficient) between the 2 images were calculated and

these measures revealed that the model had a high level of accuracy. The Cramer’s V coefficient which
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determined the strength of association had a value of 0.6. The Kappa Index of Agreement statistics
(Kno, Kiocation, Kstandara) all had values above 0.9. These values indicate that there is a strong association

between the predicted LULC map and real LULC map.

The area of Prosopis cover was calculated for both maps and the predicted quantity of Prosopis change
was slightly greater than what it really was. Prosopis species covered an area of approximately 6.3 km?
in 2017. The prediction map estimated Prosopis to cover an area of approximately 8 km?*for the year
2017. The 2017 prediction map had a high overall accuracy which proved that the model could

produce a high accuracy prediction map

A 2022 prediction map was therefore created to simulate the LULC for the study area. The model
predicted that in the year 2022, Prosopis will cover an area of approximately 9 km?. Prosopis species
are predicted to further invade along drainage lines and intensifying in density. Areas that had Prosopis

species established in small groups are predicted to form into dense thickets.
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6. Conclusions

This study was aimed at using high and moderate resolution satellite imagery to delineate the
distribution of Prosopis glandulosa, to analyze the land cover changes over a 14 year period and to
model future land cover changes. The objectives were successfully completed, proving how the use of
remotely sensed data and GIS can be used to provide information that can then be used to effectively

manage and control alien invasive plant species.

Spatial data, captured at the right scale provides information on the distribution of alien invasive plant
species and their spatial extent, which is essential for monitoring the efficiency of the current
management strategies and evaluating potential future invasions. Due to remotely sensed data being
multi-temporal and cost effective than traditional survey methods, this tool can be used for natural

resource management.

Mapping the current distribution of Prosopis

WorldView-3 satellite images can be utilized to delineate alien invasive plant species such as Prosopis
as a result of its high spatial and spectral resolution. The use of high resolution satellite images
improves the accuracy of LULC maps resulting in detailed, more accurate maps which can be used by
conservation managers for devising appropriate management and control strategies to reduce the
spread of alien invasive plant species. The Worldview-3 image used to map these species was captured
April, which is an ideal time for these species to be discriminated from other plant species in the area.
This highlights the importance of the date in which images are captured as this will have an impact on
the accuracy of the image classification. Image date selection is essential as in some cases, Prosopis
has been observed to have a similar spectral signature with Acacia spp. This may result in these species
being confused. It is therefore essential to select images captured during peak time of plant activity
and Van den Berg et al. (2013) concluded that the most ideal images for the accurate delineation of
Prosopis in the Northern Cape should be captured between February to May (Van den Berg et al.,

2013; Meroni et al., 2017).

The limitation with using high resolution satellite imagery is their availability and cost. Sensors such as
WorldView-3 have limited dates available as they were launched in the 2000s, whereas moderate
resolution sensors such as Landsat consist of satellite images that date back to 1972. This allows for

long term monitoring of the earth’s surface to take place.

The image classification algorithm used was the Neural Network classifier which was conducted on

ENVI software 5.2. Advance classifiers are able to delineate land cover classes more accurately than
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traditional algorithms but using this advanced algorithm has a limitation. Advanced classifiers require

high computational power. This resulted in the image classification procedure being time consuming.

Change detection

Prosopis species were successfully delineated using Landsat satellite images and a change detection
analysis was conducted. One was able to observe the land cover changed in the study area for the
period 2003-2017. Prosopis species are observed to slightly decrease for the period 2003-2013, but
with the increase of built up land, which lead to the clearing of vegetation, it is observed that these
species invade these cleared areas later. Construction activities have an impact on the spread of
Prosopis in the study area. Seed dispersal needs to be monitored during construction as a result of
construction vehicles spreading these seeds and land being exposed when vegetation is cleared. The
Environmental Control Officer must monitor construction areas and make sure Prosopis species are

removed by trained personnel prior construction to reduce the risk of seed dispersal.

The Landsat images used were captured between the months of October and November. This was as
a result of the field work being conducted during those months. This was a limitation as this is not the
most ideal month for Prosopis species to be mapped using satellite image but based on field studies
of the study area, Prosopis is by far still the most abundant tree in the area. The availability of satellite
images for a desired period is also a limitation. Landsat sensors have a temporal resolution of 16 days.
This resulted in approximately two images available for an area per month. This had a negative impact
on the study as some images had cloud cover, limiting the available images one could use for the

study.

Change Prediction

The study was able to successfully simulate the spatial distribution and extent of Prosopis species in
the study area for the year 2017 and 2022 through the use of LULC maps and ancillary environmental
data (distance to watercourses, slope and elevation). Although these simulations were able to provide
information on the trend of these species, there are limitations one needs to consider when using
such predictions models. These include understanding that the outcomes of the predictions are
dependent on the accuracy of the image classification. Landsat images, which have a moderate spatial
resolution, were used in this model. The spatial resolution of a satellite image affects the image
classification accuracy and the level of information one may obtain from that satellite image therefore

affecting the prediction model accuracy.
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7. Recommendations

For future studies, it is recommended that higher spatial and spectral resolution satellite images are
used to create LULC maps that will be used for the change detection analysis and change prediction
analysis. This is essential as these sensor characteristics have an impact on the image classification
accuracy. When one attempts to use LULC maps to create prediction maps, the classification accuracy

of these maps may affect land cover prediction accuracy.
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