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[bookmark: _Toc91207][bookmark: _Toc4189602]ABSTRACT 

Human beings affect the functioning of the earth system through the key process of Land use and Land cover change (LULCC). Among the many drivers of LULCC today are the rapid growth in population, the spread of urban centres, an increase in demand for food production and the scarcity of agricultural land. One of the main threats to urban agricultural system is urbanisation and urban extension. In South Africa, approximately 13% of the country is agricultural land and at least 22% is highly arable. However, this small agricultural land has continuously been lost due to intensive and rapid growths and extension of the industrial and residential land uses.  This study aims is to investigate the impacts of the rapid urban growth in the Ekurhuleni on urban agriculture from 1985 to 2017 using Landsat multi-temporal data. Eight Landsat images were used to cover the period 1985 to 2017 with a 5-year interval to quantify the impacts of urbanisation on urban agriculture. The images were geometrically corrected and georeferenced to ensure that they conform to one another. 2017 image was used as the reference image. SVM was used to classify the images and the holdout test dataset was used for validation and accuracy assessment. Change detection techniques were then used to quantify the temporal extent of the urban area on the agricultural land. The overall accuracies from SVM for the images varied between 70 and 95%. The Kappa coefficient ranged from 0.7 to 0.9. Change detection statistics were produced from the classified maps in ENVI classic and the overall results showed that there was a decrease in the agriculture LULC class and an increase in the built-up area over the period of 30 years. The simulated LULC for 2049 was done using the cellular automata coupled with the artificial neural network model in QGIS MOLUSCE plugin. The prediction results for the year 2049 showed that built up area will continue to increase as a result of population growth and economic growth while urban agricultural land will continue decreasing. It is recommended in this study that higher resolution imagery should be used in further studies. Ancillary data such as socio-economic relationships will aid in better understanding LULCC in Ekurhuleni. This study recommends that more effort is put in place to protect land that is zoned out for agricultural purposes.  
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[bookmark: _Toc91211][bookmark: _Toc4189608]1.1 Background

Humans affect how the earth system functions through the key process of Land use and Land cover change (LULCC) (Turner et al, 2007). Among the many causes of LULCC today are the exponential growth of the population, the spread of urban centres, an increase in demand for production and the scarcity of land (Lo and Yang, 2002). Land use and land cover change have become a concerning issue to decision makers and researchers around the world today (Yun-long, 2001). LULCC responds to many factors such as cultural, environmental, political and socioeconomic conditions, which are highly influenced by human populations (Masek et al. 2000). LULCC has thus become a serious concern (Cheruto et al., 2016). 

Agricultural land is decreasing continuously owing to intensive and increased growths and extension of the industrial and residential land uses (Niemand, 2011). One of the many diversions of land from its agricultural intended purpose is urbanisation and there has been an increasing awareness of the extent of conversion of the most fertile urban agricultural land (Ramsey and Corty, 1982). Urbanisation has become a pivotal factor in altering the landscape structure during the last two decades (Qviström 2017; Grimmond 2007). Statistics show that urban expansion is increasing with projections that by 2050, 68% of the global population will reside in urban areas, with 60% of rural areas becoming urban (United Nations [UN], 2018). Monitoring of urban growth has therefore over the years become an essential component for better management of natural resources and environmental changes (Ramsey and Corty). 

Lambian and Geist (2007) suggest that there are many processes that contribute to urban growth such as social, economic and cultural processes. As the population grows and people are attracted by many factors to the cities, land needs to be cleared for more houses to be built (Ramsey and Corty, 1982). The conflict between land being used for other purposes other than what it is mainly zoned out for remains a raging war (Malik and Ali, 2015). Fuggle and Rabie (1992) agree that agriculture is the backbone of many societies as it provides the needs of our country and allows for future development in terms of food security for the growing population. It is therefore not only important to protect already cultivated land but also to protect land that has been zoned out for agricultural purposes, especially in our country where there are so much land ownership issues and only a small amount of arable land (Gauteng Agricultural Development Strategy [GADS], 2006). 

Urbanisation is a leading human cause of the loss of agricultural land, decrease in natural vegetation cover and destruction of habitat (Malik and Ali, 2015; Lopez et al, 2001).  The unprecedented rate at which the development is currently occurring is shocking (Turner et al., 2007). The increasing populations in urban areas have caused rapid changes in the LULC and because of this; urban growth has received notable attention towards monitoring its changes and its impacts (Dewan and Yamaguchi, 2009; Chen and Stow, 2002).

Only three to four percent of agricultural land in South Africa is suitable for growing crops; however, because of competition between agricultural and non-agricultural sectors, it has been degraded or converted for other commercial or residential use (Zhou et al., 2014; Collett, 2013). Arable land located mostly in urban area fringes can rarely be considered because there are always conflicts for other developments (Collett, 2013). Glaeser and Kahn (2012) point out that farmers are forced to sell their land as many government departments support the construction of residential developments, golf courses and other land uses on the urban fringe where most farms in the urban areas are located. 

Quantifying LULCC is important as it enables us to better appreciate the relationship between natural phenomena and human interactions (Lu et al., 2004). Quantifying LULC is also important for planning land use and for the sustainable management of natural resources (Verburg et al., 1999). Accurate historical data are vital in mapping LULC changes over time (Abd El-Kawy et al., 2011). To monitor the interaction between urban growth and urban agriculture, timely spatial data and effective management systems are required (Jombo et al., 2016; Abd El-Kawy et al., 2011). 

Remote sensing techniques have long been used to monitor urban growth (Abd El-Kawy et al., 2011). This is because remote sensing data is cost effective and its repetitive collection of digital data makes it easy for computer processing and sharing (Lu et al., 2004; Jensen, 1996). Different remote sensing data have been employed in studying urban growth. However, Landsat earth observation data have been preferred for urban growth studies due to its global wall-to-wall coverage and long archive data (Roy et al., 2014).
[bookmark: _Toc91212][bookmark: _Toc4189609]1.2 Problem statement

The great need for housing and the development of industries in most districts of Gauteng is rapidly contributing to land conversion and this is putting huge pressure on arable land (Bergstrom et al, 2005). This affects urban agricultural land negatively as the expansion of urban land means encroachment upon arable land (Malik, 2015). Not only does urban expansion result in loss of arable land, probably more importantly it adversely affects the farmers living in the highly populated urban fringes (South African Cities Network [SACN], 2004; Department of Agriculture, Conservation and Environment [DACE], 2006). The loss of urban agricultural land does not only threaten livelihoods of people who depend on agriculture for employment, but it also threatens the food security of the municipality as the food that is grown in the surrounding farms often supplies the local Ekurhuleni population (City of Ekurhuleni, Annual Report [CoE], 2011/2012). As such, urban agricultural land must be closely monitored (Malik and Ali, 2015; Sali, 2012).

The conversion of arable land to other uses has been seen more strongly in the municipality of Ekurhuleni than in any other municipalities in the Gauteng province. This is because of increased development in the economy and rapid population growth in the area over the years (SACN, 2004). The area is highly agricultural but most of this land has been used in various other ways such as residential activities, the building of industrial firms and more recently golf courses (Letlalo, 2016). In 2006 the (Gauteng Agricultural Potential Atlas [GAPA]) produced by (Department of Agriculture, Conservation and Environment [DACE], 2006) reported that the northern, southern and north-eastern parts of the municipality had been previously zoned out for agriculture. However, over the years, much of this agricultural land has been encroached on by building of settlements (Marutlulle, 2017). Settlements (both formal and informal) have taken over the southern and northern parts of Ekurhuleni due to the increased population which has led to inadequate housing services (CoE Report, 2010/2011; DACE, 2003). According to SACN (2004), Ekurhuleni has experienced rapid population growth and is reported as having had the fastest growing population country. The population growth has been greatly influenced by the influx of people coming into the municipality for job opportunities (Marutlule 2017; Statistics South Africa [StatsSA] 2006). The population for the years 1996, 2001, and 2011 were 2 026 087, 2 480 276 and 3 178 470 respectively (StatsSA, 2006). The projected population in 2019 is 4 874 225 (SACN, 2011). 

Monitoring and understanding of urbanisation and urban agriculture is vital and requires opportune and accurate information (Mosammam et al., 2017; Shalaby et al., 2012). Monitoring urban growth and urban agriculture can be accomplished by using multi-temporal remotely sensed data (Shalaby and Tateishi, 2007). Remotely sensed data are inherently suited to provide information on urban growth attributes and the changes over time. It provides this information at various spatial and temporal scales (Hegazy and Kaloop, 2015; Shalaby et al, 2011). The multi-decade information that remote sensing provides serves as an important source for monitoring and assessing urban growth and the impacts that this growth has on agricultural land (Hegazy and Kaloop, 2015). The use of remote sensing and GIS will enable the municipality’s urban database to be monitored and continually updated to detect new changes (Yikalo and Pedro, 2010). Observing urban areas using remote sensing will aid in making predictions about future growth (Yikalo and Pedro, 2010). The constantly increasing accessibility and availability of remote sensing technologies will continue providing a unique capability in supporting decision makers with spatial, quantitative data that will help plan sustainable urban spaces and protect urban agriculture (Shalaby et al., 2012; Yikalo and Pedro 2010).

The importance of properly mapping urban growth and analysing its trends has been recognized by several researchers. Updating this growth and analysis through time is also important for decision-making activities (Shalaby et al., 2012).  Deng et al. (2005) assessed the LULCC in an urban environment in Brazil. Shalaby et al. (2012) quantified the impacts of urban growth on agricultural land in Egypt. Urban growth results in loss of agricultural land which significantly changes the overall agricultural ecosystem (Shalaby and Tateishim, 2007). This research seeks to assess the impacts that urban growth has had on urban agricultural land in Ekurhuleni. 

1.3 [bookmark: _Toc91214][bookmark: _Toc4189610]Research aim

This research aims to establish a better understanding of the impacts of the rapid urban growth in the Ekurhuleni on urban agriculture from 1985 to 2017. 

1.4 [bookmark: _Toc91215][bookmark: _Toc4189611]Objectives 

The specific objectives of this study are to;  

· Map the urban growth from 1985 to 2017 with 5-year intervals, aided by the use of multi-temporal Landsat data and SVM. 
· Quantify the impacts of growth of urban areas on agricultural land use using change detection 
· Predict the future of urban growth in relation to agricultural lands in 30 years 

1.5 [bookmark: _Toc91216][bookmark: _Toc4189612]Structure of the research report

The research report is presented in 6 chapters. Chapter 1 comprises of the introduction, background of the study, aim of the research and objectives.  Chapter 2 is a review of the literature on related theoretical concepts and previous studies that are related to the research topic. An overview of the area of study and the methods will be addressed in chapter 3. Chapter 4 describes the main results of image classifications as well as the results from the simulation of LULCC model. The results were reviewed and discussed in Chapter 5 together with related studies and their findings. Chapter 6 will conclude the research by stating the overall achievement of the objectives, limitations of the study and recommendations. 
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[bookmark: _Toc91219][bookmark: _Toc4189614]2.1 Urban Agriculture 

Most developing countries have been practising urban agriculture for some time (Bryld, 2003). Approximately 800 million people residing in urban areas in the mid-1990s were involved in urban agriculture, both commercial and subsistence (United Nations Development Program [UNDP], 1996). However, since the 1970s urban agriculture has undergone radical transformation (Bryld, 2003), in some countries for the good and in most countries for the bad (Bryld, 2003; Egal et al., 2001). For example, between 1967 and 1991, the number of families engaging in farming in Dar es Salaam increased from 18% to 67% (Ratta and Nasr, 1996). This makes agriculture in Dar es Salaam the leading source of employment, after petty trade (Ratta and Nasr, 1996; UNDP 1996).  The city of Kathmandu in Zambia produces more than a third of its food within the city (Bryld, 2003). While the urban agriculture of some countries is increasing, in most world urban areas it is the opposite (Nsiah-Gyabaah, 2000). In Asia, for example, urban agriculture has decreased from 70% to 46% in the period from the 1960s to the early 2000s (Bryld, 2003). It appears that over the years, urban agriculture has decreased overall globally and the main driving force behind the continuous loss of urban agricultural land is increased urban growth (Jiang et al, 2013; Nsiah- Gyabaah, 2000; Bentinck, 2000; Smith, 1996). 

It is expected that 83% of the global population will reside in cities by 2050 and that the global population will be a staggering 9.7 billion (United Nations [UN], 2015). This poses a major challenge to the agricultural sector as it has to sustain such a significant population (Shalaby et al., 2012; Food and Agriculture Organization [FAO], 2008). This calls for drastic and sustainable strategies at both local and international level, to tackle the problem of future food security (FAO, 2008). As rural areas transform into towns and cities due to population and economic growth, peri-urban agriculture is negatively affected. Pro-urbanists argue that agriculture is meant for the ‘rural areas’ but as land conversion is happening at such a rapid pace, it begs the question of where this would happen (Viljoen 2005). 

Egal et al. (2001) emphasize that urban agriculture significantly contributes to increased food security, accessibility and availability; it operates in the land of South Africa as a strategy for poverty alleviation and brings significant income to poor middle-income urban dwellers. Over the years, a decrease has been noted in the number of farms in the outskirts of the cities as the cities continue to expand (Shalaby et al, 2012). Over 60% of the urban population in Ghana cities depend solely on urban agriculture as a mainstream of employment and if agricultural land is then transformed to other land uses, depriving this sector of land, it means that the unemployment rate increases and people’s livelihoods are affected as they are left with no source of sustenance (Naab and Kasanga, 2013). 

In urban areas, the cumulative effect of succession has increasingly made land very scarce for farmers on urban outskirts (Naab and Kasanga, 2013). Since there is so much competition in what land must be used for in urban centres, the value of land has shifted from considering the fertility of land that can be used for the urban agriculture purpose to that of its functions (Naab and Kasanga, 2013). This has caused procurement of some of the most fertile urban agricultural land for housing developments. The consequent decline in urban agriculture affects livelihoods and, in most cases, the poor, as well as the peri-urban farmers as they depend on agriculture for livelihood (Naab and Kasanga, 2013; Heilig, 2002). 

[bookmark: _Toc91220][bookmark: _Toc4189615]2.2 Urbanisation 

Urbanisation is traditionally measured by demographers as the population of urban dwellers divided by the population of a region (Asamoah, 2010; Mundia, 2005; Olima, 2003). It is also defined as the rate of change in the percentage of people living in urban areas annually (Hope et al, 1999). Nsiah (2000) further defines it as the alteration of a rural to an urban population; this also includes a significant increase in the number of people living in urban areas. Urbanisation, when defined loosely, can refer to rural-urban transition that involves growth in population, land use, increased economic activity and many other factors (McGranahan and Satterthwaite, 2014). From all the above definitions, it stands out that the term urbanisation has to do with a concentration of people. For the purposes of this research therefore, urbanisation will be defined as the concentration of population in a space at a time.
 
[bookmark: _GoBack]In over six continents, rapid pollution growth has become a very salient feature (Gong et al., 2012). Many countries that are developing are experiencing an urbanisation explosion not anticipated (Bhattacharya, 2002). Bentinck (2000) confirms that the cities are growing at a rapid rate and shall continue to grow for the foreseeable future. Urban areas globally are growing at an unparalleled rate with an increasing number of people residing in urban areas than in any other human habitations (UN, 2008), and this simply implies that the world is increasingly becoming urban (Nsiah, 2000). Urbanisation is an inter-sectorial phenomenon and is the result of the political, economic and social developments that subsequently influence the growth of population and concentration in urban areas (World Bank, 2000). 

Many people in the third world countries are moving from rural areas to urban areas, mainly escaping hostile rural conditions, subsequently, urban areas continue to attract people because of better opportunities (Naab and Kasanga, 2013). In Africa, the estimated sub-Saharan population was 688.9 million in 2002. It was expected to grow at a rate of 2.7% annually. The population of Africa is fast growing and is expected to double in 20 years as it doubled in the 1960s. (Naab and Kasanga, 2013). The same cannot be said about the economic growth which has a disappointing gross national product [GNP] rate of only 0.2% per annum (World Bank, 2000). This augment to already existing problems in Africa and the main one being food security (Egal et al., 2001). 

Mundia and Aniya (2015) studied the rapid urbanisation in the city of Nairobi and found that the population increased from 500 000 in 1970 to 3 million people in 2015. The increased urbanisation has spiralled out of control, which has resulted in large sections of the population resorting to living in slums in marginal urban areas. Marutlule (2017) studied the causes of increased informal settlements in Ekurhuleni, South Africa and reached a conclusion that increased population influx into the city has made it impossible for the municipality to be able to provide adequate housing and services. Njoh (2003) identified that economic growth and industrialisation encourage rural-urban migration. As an area develops economically, the formal sector expands and creates job opportunities, which necessitate the movement of people into urban areas.  Statistics show that the number of individuals residing in urbanised areas rose from 25% in the 1930s to 52% in 1980 (StatSA, 2006). Migration and immigration are the main contributing factors to urbanisation in South Africa (Cloete, 1985). 

Urbanisation is the leading driver of loss of urban agricultural land in many countries and this poses dire consequences (Omomoh and Adeofun, 2005). From the year 1990 to the year 2020, it is estimated that at least 14 million hectares of land per year are converted for urban purposes in developing countries (Omomoh and Adeofun, 2005). Undoubtedly, this rapid urbanisation removes land for agricultural purposes and the competition for land use in urban areas leaves the urban agricultural sector neglected (Olawole et al., 2011). 
[bookmark: _Toc91221][bookmark: _Toc4189616]2.3 Land conversion

Land conversion is defined as the process whereby land is converted from its original use to another. For example, lands being converted from agricultural to built-up area use (Malik and Ali, 2015). The idea of land being converted from one use to another is an ongoing debate. The two perspectives that reveal clearly this fright is the ongoing debate between ‘pro-ruralists’ and ‘pro-urbanists’ (Malik and Ali, 2015). 

Pro-ruralists argue that converting agricultural land to non-agricultural uses has very negative impacts in that it reduces agricultural jobs, destroys investments in the irrigation infrastructure and livelihoods (Tan et al., 2009). It affects the overall production of agriculture and threatens food security (Asadi and Kalantari, 2014). This view also supports the argument that at least quarter of the earth’s population are living in dire poverty and therefore, conversion of land will only add to the problem (Malik and Ali, 2015; Asadi and Kalantari, 2014; United Nations, 2011). Pro-ruralists emphasize that agricultural land should be protected and reserved to maintain steady food production (Malik and Ali, 2015; Azadi et al., 2012).

Pro-urbanists have argued that land conversion is a natural expected result of urban growth (Azadi and Hasfiati, 2011). The decrease of agricultural production is an issue that can be solved by intensive agriculture and technological development on the already existing cultivated lands. Hence in their view, land conversion is not regarded as a threat now or in the near future (Azadi et al., 2012). Pro-urbanists conclude that land conversion is inevitable if economic development must take place and if the population will continue growing (Sherbinin et al., 2007).

Unrestrained conversion of land has a greater impact on the environment and notable impact in agricultural yield in particular (Asadi and Kalantari, 2014). USA, Egypt, China and Japan, among others, have tried conserving agricultural land without much success (del Mar Lopez et al., 2001). In African countries such as South Africa, Egypt, and some parts of Sudan, rapid economic development, higher population growth and urbanisation are the contributing factors to agricultural land conversion (Mundia and Aniya, 2007). Countries such as Germany have been reported to be losing at least 17ha of agricultural land a day while China and Indonesia lose up to 114ha of agricultural land a day (Azadi, 2010). Land conversion is thus a very serious issue that needs to be closely monitored (Ramsey and Corty, 1982).  


[bookmark: _Toc91223][bookmark: _Toc4189617]2.4 The role of Remote Sensing in monitoring urban growth in urban agriculture


The scarcity of food and continuous conversion of agricultural land are matters of worldwide concern and urban growth is a major problem that threatens fertile land across the globe (Shalaby et al., 2012). Although urbanisation is a predictable process due to population growth and economic development, the encroachment of settlement areas on urban agricultural land poses dire consequences (Lee-Smith, 2010). The analysis of urban growth has thus assumed a critical role in decision making and planning activities, seeing that the world is getting more and more urbanised (Pedro et al., 2017). Determining and analysing the rate of urban growth spatially and the conversion of urban agriculture is necessary. 

Remote sensing is extensively recognized as a powerful tool in mapping urban growth and monitoring of urban land use and land cover changes (Aboel et al., 2004). Many studies have acknowledged the importance of accurately mapping urban growth (Almutairi and Warner 2010). Using remote sensing, many studies have found that the expansion of urban areas occurs at the expense of agricultural land (Mendoza and Etter 2002; Rembold et al., 2000; Lambin and Ehrlich 1997). Olawole et al. (2011) used remote sensing data and GIS to monitor and quantify urban encroachment onto agricultural land in Zimbabwe. Their results showed an increase in urbanisation owing to the loss of urban farmlands. Olawole’s et al. (2011) findings are supported by Oyinloye (2010) who studied spatial growth in Ondo State in Nigeria and obtained results that showed agricultural conversion to urban use. More studies similar to the report that has been previously done are summarised in table 1. Recent studies seem to agree that as urban growth increases; increased fertile lands are destroyed and cannot be recovered. It is therefore very important to closely monitor the impacts that urban growth has had on urban agriculture for future planning activities. 
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[bookmark: _Toc9410668]Table 1: Summary of studies previously done on the remote sensing of urban growth and urban agriculture
	Author/s and year 
	Study Area 
	Data
	Methods
	Main Findings

	Hegazy and Kaloop (2015) 
	Daqahila Governorate, Egypt 
	-Landsat imagery
	-Pre-processing and image interpretation was done ERDAS imagine software
-Used maximum likelihood classification 
	- Overall accuracy obtained was above 84%
-The main cause of urbanization was the rapid population growth 
-built-up area increased from 28 to 255km² and a decrease in agricultural land by 33%

	Mundia and Aniya (2005)
	Nairobi, Kenya
	-Landsat imagery
-Aerial photographs 
-Geology and Soil Maps 
	-Pre-processing and image interpretation was done ERDAS imagine software
-used SVM classifier for classification 

	-overall accuracy obtained was 85%
-urban areas increased from 13.99% to 61.23%
-agriculture increased from 49% to 57% overtaking rangelands and grassland 
-population influx from rural areas was one of the contributing factors of urban growth 



	Kurucu and Christina (2008)
	Torbali, Turkey 
	-Topographic maps
-aerial photographs
-ASTER imagery
	- Microstation (Bentley) and Geomedia, Image Analyst (Integraph) software were used for analysis and data input.
-mirror stereoscope was used to interpret aerial photographs
	-fertile arable land was lost irretrievably due to the building of unplanned settlements and  industrialisation 
-15% of the area has been used for  residential areas without planning
-urbanisation not only encroaches in agricultural land but creates new industrial zones

	Shalaby and Ali (2012) 
	Qalubiya, Egypt 
	-Landsat
-Egypt Sat-1
-Soil Map
	-Support Vector Machine was done in ENVI 4.7 for classification and analysis 
-ArcGIS 9.2 was sued to study spatial distribution and for cross tabulation between  areas of urban sprawl and soil data  
-Maximum likelihood was used for classification

	-overall accuracy was set between 80% and 90%
-expansion of urban areas was a result of urban agricultural land loss
-The conversion of agricultural land to urban area was due to the setting up of industrial zones 
-population growth was found to be a high contributing factor to the loss of agricultural land. 

	Bolca, Turkyilmaz, Kurucu, Altinbas,  Esetlili, and Gulgun, (2007)
	Balcova, Turkey
	-Aerial photographs
-IKONOS 
	- Intergraph Image Software 
-Microstation-Bentley software was used to analyse aerial photographs 
	-urbanisation increased from 182ha to 686 ha
-urban farming land wetlands decreased from 1,121 ha to 656 ha
-population increase influenced by rapid migration to the area led to a rapid decrease in agricultural land. 



[bookmark: _Toc91224][bookmark: _Toc4189618]2.5 Change Detection 

Change detection is described by Singh (1989) as a process that is used to detect differences in the attribute of an object which are observed at different time intervals (Jovanović et al., 2015; Shalaby and Tateishi, 2007; Singh, 1989). Multitemporal data sets are used to quantify temporal effects over time (Singh, 1989). There are three categories of change detection proposed by Shaoqing and Lu (2008) and these methods are; analysing the spectral type, analysing the spectral changes through vector analysis and the commonly known time series analysis. Change detection is useful in the management and monitoring of natural resources (Shalaby and Tateishi, 2007).
The four aspects of good change detection results listed by Macleod and Conglaton (1988) are; 
i. Change in the area 
ii. The rate at which change is occurring 
iii.  Spatial distribution of the changes that occurred 
iv. Accuracy assessment of change detection results

Some of the application where change detection has proved to be useful include habitat fragmentation, assessing coastal changes, land use change, quantifying urban sprawl and other cumulative changes that happen over time (Lu et al., 2004).  The methods that are used to achieve change detection have improved over the years as a result of increasing computer power and digital data manipulation. Some of the most commonly used change detection methods include image referencing, post classification, principal components analysis and image rationing (Lu et al., 2004). 

Various studies have been done to assess how change detection has been used to monitor urban growth in urban agriculture. For example, Hegazy and Kaloop (2015) monitored urban growth and detected changes in land use in Egypt. The study found that over the years, Egypt has become highly urbanised and the expansion of urban areas is happening at the expense of agricultural land. Through change detection analysis, it was reported that at least 20% of the total agricultural area has been lost owing to rapid urbanisation. The analysis of the change detection results also provided a rate at which change is happening which may be useful in helping decision making and establishment of land policies. Prenzel and Treitz (2004) used change detection techniques to help the government in implementing environmental strategies to preserve the watersheds in Chakrar.  
Often, LULC change is influenced by some factors and change detection can play a role in assessing whether specific changes have occurred due to certain factors (Moore, 2007). Some of these factors include land reform, land conflicts, natural disasters, wars, etc. (Jombo et al.,2016; Gorsevski, 2012). Mosammam et al. (2017) used change detection techniques in Qom city in Iran to monitor land use change and quantify urban sprawl. As with many studies, this research used a post-classification method to detect changes.  Changes were detected between the years 1987 and 2013 and it was found that 31.91 % of agricultural land was lost to the built-up area and that built up area increased from 12% to 29.16%. Magidi and Ahmed (2018) assessed urban sprawl in the city of Tshwane, South Africa between the years 1984 and 2015. The research found that urban areas increased from 80557.54 ha in 1984 to 168475.14 ha in 2015. The rate of change was reported to be 3.25 ha per annum. Change detection is therefore useful as it provides a detailed insight of changes and quantifies the actual amount of changes (Butt et al., 2015). 

[bookmark: _Toc4189619]2.6 Summary of lessons learnt in the literature review

The lesson learnt in the above literature review can be summarised as thus;
· The increase in urban areas causes drastic loss of urban agricultural land
· Urban agriculture serves as a source of supporting livelihoods in many African countries
· Remote sensing provides timely and accurate data that is used in monitoring urban growth and urban agriculture
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[bookmark: _Toc91227][bookmark: _Toc4189621]3.1 Study Area

[image: ]Ekurhuleni Municipality is located 26.1777° S and 28.3462° E. It is nested within the Gauteng Province, to the northeast of Johannesburg and is home to one of the busiest airports in Africa; OR Tambo international airport. Ekurhuleni Metropolitan Municipality comprises of 1924 square kilometres (average population density of 1313 per square kilometre) with an estimated population of 3 178 500 according to the 2011 statistics. It is reported to be a fast-growing municipality in South Africa ranking third in terms of average population (StatsSA, 2011; SACN, 2004). According to Ekurhuleni report (2011), the Ekurhuleni Metropolitan Municipality’s population has increased by more than 30 percent between 1996 and 2001, attributed to the influx of people. 
      
[bookmark: _Toc2108930]  Figure 1: Study Area (Ekurhuleni Metropolitan Municipality)

Ekurhuleni lies on the plateau at about 1600 metres in altitude. The city is rich in streams, pans, wetlands and rivers (CoE, 2011). The Southern and Northern parts of the study area were zoned out by the Department of Agriculture, Forestry and Fisheries [DAFF] as highly arable land (DAFF, 2013), which means that it has all the right conditions for agricultural activities.  Agricultural activities of Ekurhuleni consist of annual crop cultivation, pivot irrigation, small farms and subsistence farming. Annual crop cultivation is dominant and some of the produces include maize, wheat, soya beans, sugar beans and sorghum (LED, 2002). Subsequently, over the years, the area has experienced urban sprawling with an increased number of informal settlements adversely affecting agricultural land (CoE, 2010/11). 

[bookmark: _Toc91228][bookmark: _Toc4189622]3.2 Data Acquisition
 
The Landsat satellite multi-temporal imageries were acquired from the United States Geological Survey (USGS) website; (http://www.usgs.gov/). Landsat images for the years, 1985, 1990, 1995, 2000, 2005, 2010 and 2017 were downloaded. 1985, 1995 and year 2000 images were downloaded from Landsat 5 TM+ and 1900 image from Landsat 1-5 MSS. The images for the years 2005 and 2010 were downloaded from Landsat 7 ETM+, and finally, 2015 and 2017 images were from Landsat 8 OLI/TIRS. The Landsat data was selected since it is easily accessed and it is obtained free of charge. Landsat also offers a continuous collection of data records dating back to 1972 (Chander et al., 2009).
The cloud-free images were downloaded between the months of October and April (summer) which is the agricultural season. An interval of 5 years was used in this study to show any changes in urban growth and urban agriculture. However, to gather the most recent changes an interval of 2 years was allowed between the years 2015 and 2017. 

[bookmark: _Toc9410669]Table 2: Remote Sensing data acquisition 
	Year 
	Date of Acquisition 
	Sensor 
	Spatial Resolution 
	Spectral Resolution 

	1985 
	17 January 1985 
	Landsat 5 TM+
	30
	1. 0.45-0.52 (Blue) 
2. 0.52-0.60 (Green) 
3. 0.63-0.69 (Red) 
4. 0.76-0.90 (NIR) 

	1990 
	24 January 1990 
	Landsat 1-5 MSS 
	60
	1. 0.5-0.60 (Green) 
2. 0.6-0.70 (Red) 
3. 0.70-0.80 (NIR) 
4. 0.80-1.10(NIR)

	1995 
	08 December 1995 
	Landsat 5 TM+ 
	30
	

	2000 
	08 January 2000 
	Landsat 7 TM 
	30 
	1. 0.45-0.52 (Blue) 
2. 0.52-0.60 (Green) 
3. 0.63-0.69 (Red) 
4. 0.76-0.90 (NIR) 

	2005 
	24 February 2005 
	Landsat 7 TM+ 
	30 
	

	2010 
	6 February 2010 
	Landsat 7 TM+ 
	30 
	

	2015 
	14 January 2015 
	Landsat 8 OLI\TRS 
	30 
	1. 0.435-0.451 (Ultra Blue) 
2. 0.42-0.512 (Blue) 
3. 0.533-0.590 (Green) 
4. 0.636-0.673 (Red) 
5. 0.8.51-0.879 (NIR) 

	2017 
	18 January 2017 
	Landsat 8 OLI\TRS 
	30 
	



[bookmark: _Toc91229][bookmark: _Toc4189623]3.3 Data pre-processing  


Pre-processing is inevitable when performing change detection as there may be inaccuracies that result from bigger or smaller systematical mistakes, sensing device failures, angle noises, earth-sun distance, topography etc (Lu et al, 2004). Analysis requires very high accuracy in radiometric, geometric and atmospheric correctness, therefore correction is done to eliminate these factors (Lu et al, 2004). In this study, radiometric, atmospheric and geometric corrections were performed on the images. Radiometric correction involves matching histograms of the images from different years. Geometric correction entails co-registering the images so that they are directly aligned and the images ‘conform’ to each other (Baboo and Devi, 2011). The images were geometrically corrected using the image to image registration method. The overall Root Mean Square Error [RMSE] was 0.5 as recommended by Jensen (1996). 1985, 1990, 1995, 2000, 2005, 2010, and 2015 images were geometrically corrected to the 2017 image as it was chosen as the reference data. Spatial resampling of the images is important so that the spatial resolution of the images match (Baboo and Devi, 2011). The 1990 MSS image was resampled to 30m resolution using the nearest neighbour resampling method. 

ENVI provides atmospheric correction tools such as Atmospheric Analysis of Spectral Hypercubes (FLAASH) and Quick Atmospheric Correction (QUAC) (Agrawal and Sarup, 2011). Multispectral and Hyperspectral sensors are supported by the ENVI correcting tools (Lu et al., 2004). Before the images are atmospherically corrected, radiometric calibration must be performed on the images. Radiometric calibration compensates for defects caused by the sensor, variations in scale angle and any noise that may be caused by the system (Lu et al., 2004). The FLAASH tool in ENVI was used to correct the reflectance of the surface and remove unwanted errors and noise (Lu et al., 2004). The images were rectified to Universal Transverse Mercator (UTM) projection, World Geodetic System (WGS) 1984- Zone 35 South. 

[bookmark: _Toc91230][bookmark: _Toc4189624]3.4 Reference Data

The reference data was derived from two sources namely, Google Earth and satellite images.  Google earth provides very good ground truth data in the absence of aerial photographs, if field work is not done or if the satellite images are not clear (Levi, 2010). Jin et al (2011) notes that the use of proportionally weighted training samples for each class reduced the probability of models over classifying classes that are under-represented while the use of balanced training samples reduced the probability of omission of under-represented classes from the model. This study relied on a balanced training sample range of between 400 to 500 points for all the seven classes for each year. The established understanding of the number of points collected for each class is 30 points; however, because the study area is huge, the range of points above 30 was considered adequate (Jin et al, 2011; Stehman, 1998). Digitising of the training samples for the year 1985, 1990 and 2000 was done in Google Earth as digitising on the Landsat images for the years proved to be hard because the images were not clear. Digitised polygons for each year were imported from Google as KML and then converted to shapefile using ArcMap 10.4. The feature to point function in ArcMap was used to convert the polygons into points. Ground points for the remaining years were digitised on the Landsat images as they were clear and classes could be easily identified. Although this was the case, Google Earth was used to visually verify the classes. The classes identified together with training and testing data samples for the study area are shown in table 3. For the accuracy assessment, the data was split using R software into 70% training data and 30% testing data. 

	Land use and land cover classes 
	Attributes 
	Training dataset 
	Test dataset 
	Total for each class

	
1. Water bodies

	Rivers, Streams, dams, rivers, ponds, and reservoirs 
	287
	123
	410

	
2. Built-up areas 

	Residential, Industrial, commercial structures band and factories 
	343
	147
	490

	
3. Bare Soil

	Un-vegetated land and exposed rocks. 
	294
	126
	420

	
4. Grasslands 

	Land dominated by the continuous cover of grasses
	301
	129
	430

	
5. Woody Vegetation

	Reserved and protected forest and trees growing in residences, along roads and near farms 
	289
	128
	427

	
6. Agriculture

	Land that is used for the production of food and fibre primarily. Both commercial and subsistence farming is included 
	336
	144
	480

	7. Wetlands 
	Consisting of swamps, marshes and very saturated land
	330
	141
	470


[bookmark: _Toc9410670]Table 3: LULC classes and description

[bookmark: _Toc91231][bookmark: _Toc4189625]3.5 Image Classification 

Support Vector Machine [SVM] is a non-parametric supervised classification method that finds optimal classification hyperplane. It does so by the grouping of classes based on the Statistical Learning theory developed by Vladimir Vapnik in 1992 (Mather, 2004). SVM’s by root was used in the Statistical Learning Theory and only recently have been applied to satellite image classification due to its merits in overcoming high dimensionality, noisy data and non-Gaussian distribution of data (Bhavsar and Panchal, 2012; Mather, 2004). The training data was used to develop the SVM hyperplane and the testing data was then used to validate the hyperplane. SVMs are robust and they function by nonlinearly projecting the training data in the input space to a higher dimension by using a kernel function (Bhavsar and Panchal, 2012). SVMs also minimise the risk of misclassification by maximising the margin between data points and the decision boundary (Misra et al, 2009). The radial basis function is the most commonly used as it produces better results than other kernels and its use has gained popularity in remote sensing studies (Kumar et al., 2008). The model works by using the kernel trick transforms data and then based on the transformations of the data, finds the optimal boundary between possible outputs (Bhavsar and Panchal, 2012). 
The equation for the Radial Basis Function is as follows (Kumar et al., 2017):   



Where y represents the gamma, which controls the width of the Gaussian kernel function

The accuracy of the algorithm is optimised based on defining kernel parameter y and the parameter C-cost (Kavzoglu and Colkesen, 2009). In this study, the radial basis function was used as the kernel type, with the gamma function of 0.144, classification threshold of 0.47 and penalty parameter of 100. A 10-fold cross validation which overcomes overfitting was utilised. The best performance that resulted from the testing of the kernel parameter and C was used in the SVM model training. The images were then classified using the optimised SVM parameter values (Misra et al, 2009). The R software was used to run the model for each image. 

[bookmark: _Toc91232][bookmark: _Toc4189626]3.6 Accuracy assessment 

The process of classification may yield errors as classification in images is not always 100% accurate. The errors may be as a result of many factors such as spectral confusion, system noise and in many cases the type of classifying algorithm used (Congalton, 2001). The accuracy of each class is determined by identifying pixels that are correctly classified in an area and then diving by the sum of all the correct pixels of all classes in a classified image (Congalton, 1991). The error confusion matrix gives an overall accuracy that shows the number of correctly classified pixels of an image. 
The process of classification may result in errors such as errors of commission and errors of omission. Commission errors are a result of not identifying pixels correctly (Congalton, 1991). These pixels are incorrectly identified when one class is split into two or more classes or when incorrectly identified pixels are associated with a class as other classes (Congalton, 1991). When pixels that must have belonged to a certain class are not classified as such, errors of omission result (Congalton, 1991). The test dataset (30%) was used to generate the confusion matrix for the accuracy assessment. The confusion matrix was then used to calculate the overall, user’s and producer’s accuracies.  
The percentage of the overall accuracy represents the probability that a random point is correctly classified on the map as is on the ground. The equation used to calculate overall accuracy is;          

             Overall accuracy = Σ (𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑎𝑙𝑜𝑛𝑔 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙) 
                                                               𝛴(𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙 𝑜𝑟 𝐶𝑜𝑙𝑢𝑚𝑛 𝑡𝑜𝑡𝑎𝑙) 

The producer accuracy represents the number of pixels that are classified correctly in a particular class in the percentage of the pixel number that actually belongs to that class in the image and is calculated as; 

      Producer’s accuracy = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑐𝑙𝑎𝑠𝑠 𝑖𝑛 𝑎 𝑐𝑜𝑙𝑢𝑚𝑛 
                                                  𝑉𝑒𝑟𝑖𝑓𝑖𝑒𝑑 𝑖𝑡𝑒𝑚𝑠 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑖𝑛 𝑡ℎ𝑎𝑡 𝑐𝑜𝑙𝑢𝑚𝑛 

The consumer accuracy, commonly known as the user’s accuracy is computed by using pixels that are correctly classified to the overall pixels assigned to a particular class.  The equation used to calculate user’s accuracy is; 

       User or Consumer accuracy = 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑚 𝑖𝑛 𝑎 𝑟𝑜𝑤 
                                                                𝑉𝑒𝑟𝑖𝑓𝑖𝑒𝑑 𝑖𝑡𝑒𝑚𝑠 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑖𝑛 𝑡ℎ𝑎𝑡 𝑟𝑜𝑤 

[bookmark: _Toc91233]The Kappa coefficient was also used to measure the difference between the actual agreement between reference data and the classifier used to perform the classification versus the likelihood of agreement between the reference data and a random classifier. Kappa values range between 0 and 1. The strength of the relation between ground truth pixels and classification increases from 0 to 1. 
[bookmark: _Toc4189627]3.7 Change Detection 

Change detection statistics was used in ENVI Classic to see overall changes of the LULC of Ekurhuleni.  Detailed change detection statistics between two periods are produced by a change detection model. The changes are reported in area changes, percentage changes and pixel changes. The change detection statistics were produced for the following year intervals (1985-1990, 1990-1995, 1995-2000, 2000-2005, 2005-2010, 2010-2015 and 2015-2017). Understanding how features are changing over time is very essential for sustainable planning and for natural resource management (Chen et al., 2012). Change detection identifies the changes that have occurred, the extent to which change has occurred and also the projection with which change is occurring (Macleod and Congalton, 1998).

Remote sensing uses a different number of techniques to detect change. Some of the techniques may include but are not limited to image regression, image digitising, image differencing, change vector analysis, and post-classification. Although the above methods have been used over time, it has not been identified which one is the best to use (Lu et al., 2004). 

In this study, change detection statistics in the post classification tool in ENVI classic 5.2 was used. This provided detailed results of changes between the two images. The earlier image is recognised as the initial state and the later image as the final state. The classes where pixels have changed are reported in the form of an area, pixel count and percentage changes. In this report, only the changes in percentage were recorded. The change detection statistics were analysed in order to identify, describe and quantify the changes that have occurred (Hegazy and Kaloop, 2015).
[bookmark: _Toc91234][bookmark: _Toc4189628]3.8 Modelling future LULCC 

Future LULC can be modelled using software packages like DINAMICA EGO, Land Change Modeller, CLUE-S and CA-MARKOV. These approaches use historical LULC to predict future LULC (Mas et al. 2014). The Markov Chain Analysis, Cellular Automata (CA), Logistic regression and GEOMOD are among the commonly used approaches for modelling and predicting future LULCC (Agrawal et al., 2002).

The Markov based approach involves the use of an object’s earlier state to predict its future state (Bell et al, 1977). The MOLUSCE (Modules of Land Use Change Evaluation) plugin in QGIS enables the use of the Markov approach to preparing transition matrices which are then used to predict future LULC (Jogun, 2016). It trains the simulation model based on four models namely; ANN (artificial neural networks), WoE (weights of evidence), LR (logistic regression) and multi-criteria evaluation (MCE) (Rahman et al., 2017). The cellular automata model approach is then used to produce the simulated land use map (Jogun 2016; Li and Li 2015; NEXTGIS 2017).

The simulation in this study was carried out using the MOLUSCE plugin in QGIS following the CA model approach. The CA model was coupled with the ANN (artificial neural network) method as this method has proven to be more accurate than linear regression (Jogun 2016). More importantly, the calculation of the parameters for the CA model is quite tedious, therefore, to overcome this problem and increase accuracy and efficiency CA was coupled with ANN.  Simulation environment of CA models consists a grid of raster cells (Hedge et al., 2008). The ability and simplicity of the CA model to embody both mathematical and logistical based transition rules have made CA models very successful (Sanchez et al., 2014). The classified LULC maps of 1985 and 2017 were input into the model. 1985 was assigned for the initial state (time t1) and the 2017 map was assigned the final state (time t2). The spatial variables included were population density, main road networks and the DEM of Ekurhuleni.  These variables were chosen based on previous studies findings that show them as main drivers of LULC change (Han et al., 2015; Al-sharif and Pradhan, 2013; in et al., 2008). The plugin has cellular automata simulation which was used to project the change in LULC (Wagner, 1997).

The CA-ANN model was selected for this study because it represents an advancement in spatiotemporal dynamic modelling and forecasting and it has been proved by recent studies to be effective in computing land use land cover change (Al-Rubkhi et al., 2017). Li and Li (2015) used a combination of CA-ANN model to simulate land changes. Using the CA-ANN model, Roy et al. (2015) predicted and monitored LULC in Bangladesh from 2010 to 2030. The above model is therefore popular and has been used in many studies.



[bookmark: _Toc2108931]Figure 2: Summary of Methodology 
[bookmark: _Toc91235][bookmark: _Toc4189629]CHAPTER 4: RESULTS 

[bookmark: _Toc91236][bookmark: _Toc4189630]4.1 LULC Mapping


[image: ]The LULC map for the year 1985 in figure 3 and the histograms in figure 7 show that  LULC in Ekurhuleni was dominated by three major classes which are grasslands, agriculture and wetlands with a little built-up area, woody vegetation, bare soil and very little area covered by water bodies. At least 33% of the Ekurhuleni was covered in agriculture, 26% in grasslands and 21% in wetlands, with only 7.2% of built-up area. Water bodies only covered 0.2% and 5.41% of the area was covered by bare soil. It is shown in figure 3 that agriculture was mainly spread out in the southern and northern parts of the area. 
[bookmark: _Toc2108932] 
Figure 3: Ekurhuleni LULC Map in 1985

The LULC map of the Ekurhuleni municipality in 1990 in figure 4 and the histogram in figure 8 shows that grasslands covered at least 11% of the area and wetlands covered at least 32% of the area. Over this period, there was a decrease in land covered by agriculture from 33% in the year 1985 to 30% in the year 1990. An increase in built-up area is also seen between the years 1985 and 1990, from 7.2% to 14.3%. Other LULC classes such as water bodies and woody vegetation do not show much change.
[image: ]   Figure 4: Ekurhuleni LULC Map in 1990

The 1995 LULC map is shown in figure 5 and the area coverage is shown in the histogram in figure 8 illustrate that there was a significant increase in both agriculture and built-up area, with a built-up area covering at least 36.7 % of the municipality and 27% covered by agriculture. A decrease in grasslands is shown from 30 % in 1990 to only 12% in the year 1995. Bare soil increased from 1% to 3%, woody vegetation and water bodies had negligible change, and no significant change is shown by the other classes. The LULC map in figure 5 shows that the built-up area was starting to encroach on agricultural land and grassland area.

[image: ]  Figure 5: Ekurhuleni LULC Map in 1995
[image: ]   Figure 6: Ekurhuleni LULC Map in 2000





The year 2000 shows slight changes in the LULC classes. Wetlands covered 23% of the area, agriculture covered 21% of the area and the built-up area did not increase much from the year 1995 and covered 37%. Bare soil, water bodies and woody vegetation show not much significant change.


a)b) 
Figure 7: Histograms for land use land cover for the year (a) 1985 and (b) 1990  in percentage area

c) d) 
Figure 8: Histograms for land use land cover for the year (c) 1995 and year (d) 2000 in percentage
  
For the year 2005, a slight increase in water bodies is illustrated in figure 13 from 0.8% area coverage in the year 2000 to 4% in the year 2005. The histogram also shows that the area covered by woody vegetation class decreased from 8% in the year 2000 to 1% in the year 2005. Grasslands and bare soil show negligible change. Wetlands show a decrease from 23% to 14% in area coverage. The built-up area covered 35% of the area and agriculture covered 33% of the area.  


[image: ]     Figure 9: Ekurhuleni LULC Map in 2005


The histograms in figure 13 and figure 10 for the year 2010 show that there was a decrease in the bare soil and water bodies. The LULC map in figure 10 shows that built up area was continuing to spread towards the south of the area where most agricultural lands are found. An increase in grassland area coverage is illustrated in the LULC map in figure 10 and in the histogram in figure 13, from 10% for the year 2005 to 23% in the year 2010. A significant decrease is shown in the area coverage of agriculture from 33% in the year 2005 to 21% in the year 2010. The built-up area covered 35% of the area and there was no significant change in the wetland LULC class. 

[image: ]       Figure 10: Ekurhuleni LULC Map in 2010

The LULC map of the Ekurhuleni Municipality in 2015 shown in figure 11 and also illustrated in the histogram in figure 14 illustrates that built up area covered 38% of the area. Agricultural land covered 20% of the Ekurhuleni. The land covered by grasslands was 24%, 8% by wetlands, 6% by woody vegetation, and 0, 7% by waterbody and bare soil. The LULC map in figure 11 shows a spread of built-up area in the south and towards the north of the study area. The western parts of the municipality are covered in a built-up area with little or no agricultural activity. From the year 2005 to 2015, there is a visible build-up of built-up area mostly in the southern parts of the area extending also to the eastern parts of the area. It is during this period that there was an influx of population in the area and erecting of informal settlements.
[image: ][image: ]   Figure 11: Ekurhuleni LULC Maps in 2015
   Figure 12: Ekurhuleni LULC Maps in 2017

Figure 12 shows the 2017 LULC map illustrated in the histogram in figure 14.  It is illustrated that built up area has a coverage of 48% of the Ekurhuleni Municipality, close to half of the area in Ekurhuleni, with other LULC classes sharing the remaining proportion. The land covered by agriculture is 18% and the area covered by grasslands is 19%, 1% by water bodies, 11% by wetlands, 2% by woody vegetation and less than 1% of bare soil. It can be clearly seen from the LULC map in figure 12 that most southern parts of the area that used to be agricultural land are now covered by built-up area and there appears to be a slow encroachment of built-up area in the north, where remaining thriving agricultural lands are found.

a) b) 
Figure 13: Histograms for land-use and land cover for the year (a) 2005 and the year (b) 2010 in percentage area
 
c)  d) 
Figure 14: Histograms for landuse land cover for the year (a) 2017 and (b) 2015  in   percentage area

The overall relationship between the built-up area and agriculture is shown in figure 15. It can be clearly seen that over the years the area covered by the built-up area has increased while the area covered by agriculture has decreased. 



Figure 15: Histogram showing the overall relationship between the agriculture and built-up area

[bookmark: _Toc4189631]4.2 Accuracy Assessment 
[bookmark: _Toc91238]
The confusion matrix function in ENVI classic 5.2 was used to produce the accuracy assessment of the classified images. The confusion matrix was produced using the ground control points that were digitised on google earth and satellite imagery. For the validation of the classified images, the 30% test data was used for each class. Anderson et al. (1976) recommend a threshold of above 80% for the error matrix and a recommended Kappa Coefficient above 0.5 for classification to be considered accurate.  Table 4 illustrates the overall accuracy for the eight images and shows that the accuracy ranged from 70.5% to 91%. The year 2000 had the lowest overall accuracy in all the classes.  

In table 4, it can be noted when comparing the user and producer accuracies that water bodies and woody vegetation have a higher level of accuracy than other classes. The accuracies of agriculture ranged from 65% to 90%. Bare soil class had the lowest accuracy for the year 1995 and wetlands had a low accuracy of 57.1% for the year 2000. The Kappa Coefficients ranged from 0.7 to 0.9 which meets the threshold of the recommended Kappa coefficient (Anderson et al, 1976). 


[bookmark: _Toc9410671]Table 4: Confusion matrices for validation of classified maps (1985-2017)
	Year
	Accuracy Type 
	Overall
Accuracy %
	Kappa
Coefficients
	Water bodies %
	Wetlands%
	Woody Vegetation %
	Grasslands %
	Agriculture%
	Built-up Area %
	Bare Soil %

	1985
	Producer
	80.4
	0.70
	97.2
	84.5
	80.2
	95.4
	74.4
	80.1
	81.3

	
	User
	
	
	92
	80.4
	73.4
	80.6
	80.0
	75.7
	69.4

	
	
	
	
	
	
	
	
	
	
	

	1990
	Producer
	83.4
	0.76
	94.6
	86.7
	83.5
	92.8
	64.5
	82.3
	82.5

	
	User
	
	
	96
	72.4
	68.6
	91.4
	86.4
	79.4
	68.7

	
	
	
	
	
	
	
	
	
	
	

	1995
	Producer
	86.5
	0.80
	96.8
	86.4
	86.8
	69.8
	86.6
	86.6
	70.2

	
	User
	
	
	89.4
	79.8
	100.0
	87.2
	68.4
	72.4
	57.8

	
	
	
	
	
	
	
	
	
	
	

	2000
	Producer
	78.2
	0.76
	94.6
	65.4
	97.3
	68.5
	74.8
	69.4
	74.3

	
	User
	
	
	87.6
	57.1
	100.0
	72.3
	69.2
	78.4
	71.2

	
	
	
	
	
	
	
	
	
	
	

	2005
	Producer
	85.8
	0.79
	98.6
	75.8
	89.6
	78.2
	72.3
	72.7
	69.5

	
	User
	
	
	100.0
	81.4
	70.4
	84.1
	65.6
	79.4
	80.2

	
	
	
	
	
	
	
	
	
	
	

	2010
	Producer
	86.6
	0.83
	92.5
	84.2
	82.3
	86.5
	85.7
	100.0
	70.3

	
	User
	
	
	100.0
	75.9
	60.4
	78.4
	69.4
	73.5
	80.1

	
	
	
	
	
	
	
	
	
	
	

	2015
	Producer
	90.3
	0.91
	96.7
	88.8
	70.2
	93.4
	87.6
	100.0
	79.4

	
	User
	
	
	88.9
	98.2
	56.7
	98.2
	74.3
	75.5
	77.2

	
	
	
	
	
	
	
	
	
	
	

	2017 
	Producer
	94.1
	0.94
	98.9
	90.5
	82.5
	90.4
	96.7
	100.0
	86.7

	
	User
	
	
	100.0
	98.4
	60.5
	93.6
	98.4
	94.5
	67.4




[bookmark: _Toc91239][bookmark: _Toc4189632]4.3 Summary of Land use and Land cover classes 

SVM was used to generate the generated LULC maps of Ekurhuleni. Summary of the  LULC class and the statistics of change over the period of over 30 years are tabulated in table 5 and 6 below:

[bookmark: _Toc9410672]Table 5: Summary of Land Use and Land Cover Classes in percentage and hectares from the year 2017 to the year 2005
	
	2017
	2015
	2010
	2005

	LULC class 
	ha
	%
	ha
	%
	ha
	%
	ha
	%

	Water bodies
	1243.17
	0.628282
	1396.17
	0.758118
	3610.53
	1.989962
	8491.77
	4.310138

	Wetlands
	21813.84
	11.02443
	15449.85
	8.389244
	25940.07
	14.297
	29437.65
	14.94157

	Woody Vegetation
	4476.42
	2.262324
	12243.87
	6.648402
	2921.22
	1.61.046
	1446.03
	0.733956

	Grasslands
	40610.61
	20.52407
	45752.94
	24.84377
	43405.2
	23.923
	21145.95
	10.73298

	Agriculture
	36545.85
	18.46979
	39494.43
	21.44541
	43754.94
	24.11576
	65581.38
	23.28691

	Built-up Area
	92216.61
	46.60507
	68493.42
	37.19182
	60906.24
	33.56879
	60919.2
	30.92055

	Bare Soil 
	961.74
	0.486051
	1331.91
	0.723225
	898.92
	0.495444
	9996.48
	5.073879











[bookmark: _Toc9410673]Table 6: Summary of Land Use and Land Cover Classes in percentage and hectares from the year 2017 to the year 2005
	
	2000
	1995
	1990
	1985

	LULC class 
	ha
	%
	ha
	%
	ha
	%
	ha
	%

	Water bodies
	436.32
	0.880277
	1929.6
	0.576189
	457.74
	0.441998
	422.82
	0.258008

	Wetlands
	11593.35
	23.38961
	21673.71
	10.96478
	33492.24
	32.34044
	35180.91
	21.46768

	Woody Vegetation
	3967.47
	8.00438
	15210.45
	7.695003
	8996.13
	8.686751
	9895.14
	6.038095

	Grasslands
	5294.16
	10.68098
	25632
	12.96729
	31906.53
	30.80926
	44060.76
	26.88624

	Agriculture
	10788.03
	21.76487
	53535.42
	27.0837
	12395.88
	31.96958
	53535.42
	32.66775

	Built-up Area
	16294.23
	32.87365
	72643.86
	36.7507
	14889.51
	14.37746
	11911.41
	7.26844

	Bare Soil 
	1192.68
	2.406235
	7041.6
	3.562362
	1423.44
	1.374488
	8872.02
	5.413779





[bookmark: _Toc91240][bookmark: _Toc4189633]4.4 Change detection statistics 

In analysing and assessing change in the area of Ekurhuleni, change detection statistics for the years 1985, 1990, 1995, 2000, 2005, 2010, 2015 and 2017 images were produced. Assessment of the differences in the images was done by loading an earlier image and a later image on ENVI classic 5.2 to produce change detection matrices. The change was compared on the 1985 and 1990; 1990 and 1995; 1995 and 2000; 2000 and 2005; 2005 and 2010; 2010 and 2015 and 2015 and 2017 images. The result was a table that shows the initial state and the final state. The change matrix produced a total area of change for each class in the initial image. In this study, only the percentage of change was tabulated. The matrix also shows the class total, class changes and the image difference. The class total must always sum up to 100. The class changes show how much percentage area of the class has changed from that class into other classes between the earlier image and the later image and finally, the image difference shows the total change between images of two periods. A decrease in the class is shown by an image difference that is negative whilst a positive image difference shows a gain in the class.  The change detection matrix of the class types in the area of Ekurhuleni between 1985 and 1990 is shown in table 6. Change detection matrix between 1990 and 1995 is shown in table 7. The percentage areas that are bolded indicate a state of no change in the initial and final state. 

[bookmark: _Toc9410674]Table 7: Percentage change matrix of LULC classes in Ekurhuleni Municipality from 1985 and 1990 
	YEAR 
	                                    Initial State (1985)

	                    Final state  (1990)
	CLASS
	WV
	W
	WB
	G
	BU
	BS
	A

	
	WV
	 46.6
	0.77
	2.27
	2.86
	3.42
	1.10
	2.51

	
	W
	2.59
	36.50
	2.45
	9.23
	10.23
	3.26
	12.52

	
	WB
	0
	1.82
	61.4
	0
	0.05
	0.03
	2.06

	
	G
	12.30
	16.23
	7.53
	52.4
	1.85
	1.24
	5.63

	
	BU
	32.45
	29.56
	12.56
	21.52
	76.00
	10.29
	23.26

	
	BS
	3.00
	8.23
	12.23
	3.65
	5.52
	82.5
	5.12

	
	A
	3.06
	6.89
	1.56
	10.34
	2.93
	1.58
	48.9

	
	Class Total
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0

	
	Class changes

	53.4
	63.5
	38.6
	47.6
	24.00
	17.5
	51.1

	
	Image
Difference 
	125
	-71.09
	-784
	1278
	12003
	-2334
	-4123


NOTE: WV=Woody Vegetation, W=Wetlands, WB=Water bodies, G= Grasslands, BU=Built-up area, BS=Bare Soil, A=Agriculture. Percentage figure rounded off to two decimal places 

Table 7 shows that built-up area, woody vegetation, grasslands had a positive image difference and increased by 12003, 125 and 1278 percentage area respectively. The table also illustrates that agriculture; bare soil, water bodies and wetlands had a negative image difference and decreased by 4123, 2334 and 71.09 percentage area respectively.  The highest transformation in the agriculture class was to the built-up area and the second highest transformation was from woody vegetation to built-up area. Table 7 shows the highest transformation in the class wetlands to bare soil. The class that did not have much change was water bodies with 78.65% and the second being built-up area with 68.58%. The most change happened in the class of bare soil with 33% being transformed into a built-up area. 






[bookmark: _Toc9410675]Table 8: Percentage change matrix of LULC classes in Ekurhuleni Municipality from 1990 and 1995 
	YEAR 
	                                    Initial State (1990)

	             Final state  (1995)
	CLASS
	WV
	W
	WB
	G
	BU
	BS
	A

	
	WV
	46.50
	3.40
	2.56
	1.83
	3.56
	6.35
	0

	
	W
	1.48
	40.48
	6.33
	13.54
	2.51
	0.18
	3.35

	
	WB
	4.88
	12.63
	78.65
	1.13
	2.14
	1.49
	4.79

	
	G
	18.47
	16.66
	5.23
	41.65
	12.37
	11.29
	12.19

	
	BU
	16.56
	14.53
	1.14
	18.56
	68.58
	33.68
	21.50

	
	BS
	1.44
	23.604
	10.029
	14.26
	8.238
	33.83
	0.10

	
	A
	10.67
	12.83
	6.09
	9.03
	10.84
	13.18
	58.07

	
	Class Total
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0

	
	Class Changes
	53.50
	59.52
	21.35
	58.35
	31.42
	66.17
	41.93

	
	Image Difference
	11.65
	-96.43
	3227.78
	-120.74
	93.93
	354.45
	-61.453


NOTE: WV=Woody Vegetation, W=Wetlands, WB=Water bodies, G= Grasslands, BU=Built-up area, BS=Bare Soil, A=Agriculture. Percentage figure rounded off to two decimal places 

The change detection matrix of the class types in the area of Ekurhuleni between 1990 and 1995 is shown in table 8 in percentages. LULC classes such as agriculture, grasslands and wetlands decreased by 61.45, 120.74, and 96.43 respectively. Woody vegetation, water bodies, built up area and bare soil increased subsequently with 11.65, 322.78, 93.93 and 354.45 respectively. Water bodies and built up area were not transformed in the year 1995. The biggest transformation was in the bare soil class to the built-up area. Water Bodies and Built-up area have the least class changes. 

[bookmark: _Toc9410676]Table 9: Percentage change matrix of LULC classes in Ekurhuleni Municipality from 1995 and 2000
	YEAR 
	                                     Initial State (1995)

	                    Final state  (2000)
	CLASS
	A
	BS
	BU
	G
	WB
	W
	WV

	
	A
	43.67
	8.02
	1.55
	3.56
	1.77
	8.60
	0.54

	
	BS
	13.86
	41.34
	2.78
	5.65
	0
	1.59
	0.93

	
	BU
	36.42
	21.39
	68.89
	23.80
	20.23
	16.29
	16.56

	
	G
	11.13
	12.75
	3.07
	40.95
	7.639
	9.25
	9.29

	
	WB
	0.69
	0.47
	1.06
	1.28
	52.34
	0.08
	0.14

	
	W
	2.29
	10.17
	22.65
	19.97
	12.69
	61.58
	14.93

	
	WV
	1.94
	5.86
	8.071
	4.79
	5.34
	2.69
	57.61

	
	Class Total
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0

	
	Class Changes
	56.33
	58.66
	31.11
	59.05
	47.66
	38.42
	42.39

	
	Image Difference
	-126.05
	-81.61
	1705.12
	-51.196
	-97.133
	21058.13
	-63.721


NOTE: WV=Woody Vegetation, W=Wetlands, WB=Water bodies, G= Grasslands, BU=Built-up area, BS=Bare Soil, A=Agriculture. Percentage figure rounded off to two decimal places 



[bookmark: _Toc9410677]Table 10: Percentage change matrix of LULC classes in Ekurhuleni Municipality from 2000 and 2005 
	YEAR 
	                                     Initial State (2000)

	           Final state  (2005)
	CLASS
	BU
	WV
	W
	G
	A
	WB
	BS

	
	BU
	37.72
	27.56
	10.23
	6.85
	10.59
	15.23
	35.10

	
	WV
	8.78
	46.86
	3.02
	3.35
	3.67
	3.85
	2.88

	
	W
	1.48
	0.80
	40.45
	10.00
	2.20
	11.56
	5.48

	
	G
	22.78
	10.56
	17.34
	43.10
	18.24
	0
	8.96

	
	A
	26.45
	5.26
	23.47
	20.56
	56.78
	1.58
	1.67

	
	WB
	1.56
	0
	5.49
	2.69
	2.46
	66.78
	2.34

	
	BS
	1.23
	8.96
	0
	13.45
	5.86
	1.00
	43.57

	
	Class Total
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0

	
	Class Changes
	62.28
	53.14
	59.55
	56.9
	43.22
	33.22
	53.43

	
	Image Difference
	67.55
	-76.89
	12.89
	-53.6
	-100.0.36
	-56.78
	-85.73


NOTE: WV=Woody Vegetation, W=Wetlands, WB=Water bodies, G= Grasslands, BU=Built-up area, BS=Bare Soil, A=Agriculture. Percentage figure rounded off to two decimal places 


The transformations between the LULC between the years 1995 and 2000 are shown in table 9. As with the previous years, most agriculture classes were transformed into built-up with a percentage of 36.42%.  43.67% of agriculture did not change by the year 2000. 61.58% of the wetland class did not change between the years 1995 and 2000. Table 8 also shows built-up area and wetlands are the only classes that increased with 11705.12 and 21058.13 respectively. Waterbody, woody vegetation, agriculture, grassland and bare soil decreased with 97.133, 63.721, 1126.05, 51.196, and 81.61 respectively between the years 1995 and 2000. 

It is shown in table 10 that a total of 66.78% and 56.78% in the year 2000 did not change by the year 2005 for water bodies and agriculture respectively. Class changes for water bodies amounted to 53.43%, 43.44% for agriculture. The highest class change between the years 2000 and 2005 was for the class built-up area with 62.28% change. The least class change was in the water bodies LULC class with 33.22%. It is also illustrated in the table that there was a decrease in the net image change for most classes except for the built-up area which increased by 67.55.

[bookmark: _Toc9410678]Table 11: Percentage change matrix of LULC classes in Ekurhuleni Municipality from 2005 and 2010 

	YEAR 
	                                     Initial State (2005)

	           Final state  (2010)
	CLASS
	WV
	W
	WB
	G
	BU
	BS
	A

	
	WV
	54.61
	0
	0.08
	1.35
	2.60
	10.25
	3.50

	
	W
	0.35
	67.56
	2.36
	12.46
	8.63
	2.57
	9.34

	
	WB
	0
	0.03
	77.63
	0
	0.56
	0
	0

	
	G
	5.32
	8.74
	0
	70.44
	0.23
	2.56
	7.63

	
	BU
	20.63
	18.24
	10.54
	11.19
	78.46
	32.61
	10.46

	
	BS
	8.57
	1.75
	6.52
	2.36
	3.63
	42.33
	0.06

	
	A
	10.52
	3.68
	2.87
	2.20
	5.89
	9.68
	69.01

	
	Class Total
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0

	
	Class changes

	45.39
	32.44
	22.37
	29.56
	21.54
	57.67
	30.99

	
	Image
Difference 
	30.59
	-52.67
	-32.34
	-6.77
	152.17
	-5.99
	-12.47


NOTE: WV=Woody Vegetation, W=Wetlands, WB=Water bodies, G= Grasslands, BU=Built-up area, BS=Bare Soil, A=Agriculture. Percentage figure rounded off to two decimal places 

The percentage area coverage of 78.46% and 77.63% did not change between the period of 2005 and 2010 for the built-up area and water bodies LULC classes. 70.44% of grassland, 69.01% of agriculture, 42.33% of bare soil, 67.56% of wetlands did not change between the period of 2005 and 2010. Table 10 shows that the class with the most class changes was bare soil to other classes amounting to 57.67%. The least class change occurred in the built-up with only 21.54% change. The greatest transformation of bare soil was into the built-up area with a percentage of 32.61% and the lowest was into grassland with 2.56%. 


[bookmark: _Toc9410679]Table 12: Percentage change matrix of LULC types in Ekurhuleni Municipality from 2010 and 2015 
	YEAR 
	                     Initial State (2010)

	            Final state  (2015)
	CLASS
	WV
	W
	WB
	G
	BU
	BS
	A

	
	WV
	65.44
	0.16
	3.78
	1.23
	2.36
	4.63
	1.23

	
	W
	1.35
	70.63
	12.34
	0
	1.53
	0.60
	0

	
	WB
	0
	5.46
	78.47
	0
	1.22
	0
	0

	
	G
	4.63
	2.90
	0.12
	60.59
	0.01
	1.83
	1.80

	
	BU
	13.54
	18.23
	2.40
	34.67
	86.45
	34.62
	25.63

	
	BS
	4.59
	0.32
	1.86
	0
	5.43
	56.41
	5.60

	
	A
	10.45
	2.30
	1.03
	3.48
	0
	2.45
	65.72

	
	Class Total
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0

	
	Class changes

	34.44
	29.37
	21.53
	39.41
	13.55
	43.59
	34.28

	
	Image
Difference 
	30.58
	-50.77
	-9.77
	10.41
	141.89
	-38.27
	-67.36


NOTE: WV=Woody Vegetation, W=Wetlands, WB=Water bodies, G= Grasslands, BU=Built-up area, BS=Bare Soil, A=Agriculture. Percentage figure rounded off to two decimal places 


[bookmark: _Toc9410680]Table 13: Percentage change matrix of LULC types in Ekurhuleni Municipality from 2015 and 2017 
	YEAR 
	                               Initial State (2015)

	          Final state  (2017)
	CLASS
	WV
	W
	WB
	G
	BU
	BS
	A

	
	WV
	67.6
	0.11
	4.75
	1.0
	3.2
	1.13
	0.4

	
	W
	0.11
	74.5
	0
	1.8
	0
	0
	2.4

	
	WB
	1.3
	3.4
	93.11
	0.9
	0
	0
	0.1

	
	G
	2.3
	1.8
	1.0
	57.9
	2.7
	3.25
	5.4

	
	BU
	15.4
	16.8
	0.5
	32.4
	88.4
	50.2
	40.4

	
	BS
	8.79
	0.8
	0.0
	2.5
	3.4
	42.74
	1.3

	
	A
	4.5
	1.51
	0.64
	3.5
	2.3
	2.68
	46.4

	
	Class Total
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0
	100.0

	
	Class changes

	32.4
	25.5
	6.89
	42.1
	11.6
	57.26
	53.6

	
	Image
Difference 
	-9.00
	-13.45
	13.24
	-50.56
	124.67
	-3.55
	-55.90


NOTE: WV=Woody Vegetation, W=Wetlands, WB=Water bodies, G= Grasslands, BU=Built-up area, BS=Bare Soil, A=Agriculture. Percentage figure rounded off to two decimal places 

Table 12 shows the transformations of the LULC types between the year 2010 and 2015. It is illustrated that water bodies, wetlands, grasslands, bare soil, and agriculture decreased by 9%, 50.77%, 38.27 % and 67.36% respectively. A percentage increase is shown in built-up area and grasslands with 141.89% and 30.58% respectively.  Table 12 illustrates that 25.63% of agricultural land transformed into a built-up area. Another higher transformation occurred in the grasslands class with 34.67 % of grasslands transformed into built-up area. 13.54 % of woody vegetation also transformed into built-up area. The highest class changes occurred in the bare soil and grassland LULC classes between 2010 and 2015. Table 12 also illustrates that overall, the built-up area increased by 141.8. Woody vegetation, wetlands, water bodies, bare soil, and agriculture decreased by 30.58, 50.77, 9.77, 38.27, and 67.36 respectively. 

Table 13 shows the transformations of the LULC types between the year 2015 and 2017. It is illustrated that woody vegetation, grasslands, bare soil and agriculture decreased by 9%, 13.45%, 50.56%, 3.55% and 55.90% respectively. A percentage increase is shown in built-up area and water bodies with 124.76% and 13.24% respectively.  Table 13 illustrates that 40.4% of agricultural land transformed into built-up area. Another higher transformation occurred in the bare soil class. 50.2 % of bare soil transformed into built-up area. 15.4 % of woody vegetation also transformed into built-up area. The highest class changes occurred in the agriculture and bare soil LULC between 2015 and 2017. Table 13 also illustrates that overall, built-up area increased by 124.67 and water bodies also increased by 13.24. Woody vegetation, wetlands, grasslands, bare soil and agriculture decreased by 9.00, 13.45, 50.56, and 55.90 respectively. 


Figure 16: Final changes for the classes agriculture and built up area from the year 1985 to the year 2017.

The final changes for the LULCC between the years 1985 and 2017 are shown in figure 16. It is illustrated that over the years there has been a rapid growth of the built-up area. The most change in the built-up area occurred between the years 1990 and 1995 and between 2010 and 2015. A significant decrease in agriculture is also shown in figure 16. The most significant decrease in agriculture occurred between the years 1985 and 1990; 1990 and 1995 and between 2010 and 2015. The above results have shown that the built-up area is the land use class that is using up agricultural space over the years. 


[bookmark: _Toc4189634][bookmark: _Toc91241]4.5 Analysing Future LAND use and Land cover changes in Ekurhuleni 


The modelling of the future LULC was done using a combination of two techniques, the cellular automata and artificial neural network model in QGIS’s MOLUSCE plugin which is based on cellular automata. The LULC in figure 17 indicates that the built-up area will continue overtaking urban agriculture especially in the southern parts of the area and approaching the northern-eastern parts of the area. The middle parts of the area will completely be covered by built-up area.

[bookmark: _Toc9410681]Table 14: 2049 projected LULC changes in %
	LULC
	2017
	Projected percentage for 2040
	Percentage Change (2017-2040)

	WV
	2.26
	3.20
	0.94

	WB
	0.62
	1.12
	0.5

	G
	20.52
	14.20
	-6.32

	BU
	46.61
	58.70
	12.09

	BS
	0.48
	1.48
	1.00

	A
	18.46
	12.29
	-6.17

	W
	11.02
	9.01
	-2.01










Table 14 shows that built up area will increase by 12% and agriculture will decrease by 6%. A slight increase in the woody vegetation is shown in table 13 which is spread all over the area. Grasslands will decrease by 6% and bare soil will increase by 1%. Water bodies will increase slightly with 0.5% and 0.94% for the woody vegetation LULC class. 

The increase in built-up area will likely be as a result of growth in population that is estimated to increase by 4% in the next census count. Ekurhuleni is an industrial hub and houses the best transport networks in Gauteng, this will continue serving as a destination for employment seekers and this will indefinitely result in a population increase in the area. 


[image: ]
   Figure 17: Projected LULC for Ekurhuleni in 2049













[bookmark: _Toc4189635]CHAPTER 5: DISCUSSION

This research sought to establish a better understanding of the impact of urbanisation on urban agricultural land. This was achieved by mapping land use and land cover of the municipality and quantifying the impacts of urban growth on urban agriculture using change detection. The overall study findings show that there is a remarkable increase in urban area land uses which have caused a drastic decrease in urban agricultural land.

Information regarding LULC changes is very important as it gives an understanding between the interactions of different land covers and land uses and helps in assessing environmental consequences that may result from these changes (Alqurashi and Kumar, 2017). Assessing LULC changes additionally aids in decision making which supports sustainable development for current and future planning (Alqurashi and Kumar, 2017). Numerous researches have been done looking into the rapid growth of urban areas and how that affects other land uses. Most recent studies have focused on the use of remote sensing on urban agriculture and on the use of remote sensing to quantify and predict urban growth in different parts of the world (Alqurashi and Kumar, 2017; Naab et al, 2013; Brilly et al, 2006; Abd El-Kawy et al, 2011). 

The results of this study show that the dynamics of LULC classes changed rapidly over the period between 1995 and 2015 in the study area. For example, the built-up areas increased significantly during this period. The most converted land use to build up area was from agriculture, followed by bare soil and grasslands. The increase of new built-up area developments is clearly visible between the years 1990 and 2000 and the years 2000 and 2010. Eddy (2010) noted that an influx of people opted to move to Ekurhuleni as it is now an industrial hub of Gauteng and presents better job prospects (both in formal and informal sectors). He further states that the sprawling of the urban areas and settlements in the area are due to the population growth. 

Ekurhuleni struggles to meet the housing demand caused by the population influx into the municipality; this has caused a rapid growth of informal settlements. Higher growth of population has been seen occurring mostly to the south of the area and in recent years towards the north and to the east because of the shortage of land (CoE, 2011). Informal settlements tend to concentrate mostly around and in the periphery of existing low-income areas such as Katlegong, Duduza, Kwa-Thema and Thokoza. The growth in the informal settlements had spiralled since the year 2005 (The Housing Development Agency [HDA], 2013). According to the Ekurhuleni City Annual Report (2011/2012), Ekurhuleni houses at least 130 000 households in informal settlements (about 22%) of the entire Ekurhuleni population. Zangiabadi (2013) found that informal settlements are growing across the globe and planners are struggling to solve this concerning issue. Ekurhuleni in no exception. According to the City of Ekurhuleni Annual Report (2010/11/7), the densification of urban areas post-1990 has led Ekurhuleni to become highly urbanised housing the most number of informal settlements in Gauteng. DAFF (2003) reports that many of the houses which are informal are situated on land that is not suitable for land housing but rather for agricultural purposes. Land for housing development has not been readily available (GAPA, 2003). 

A gradual decrease is shown in agriculture in the Ekurhuleni over a period of 30 years. A massive decrease was recorded between the years 1990 and 2000 and between 2010 and 2015. The multi-temporal results and the change detection statistics show that most agricultural lands changed to built-up area. This was due to the population growth of the area. The study area has been the preferred destination for population movement because it offers job opportunities. The Statistics South Africa recorded that during the year 1991 and 2011, the population of Ekurhuleni grew by over 4% compared to other municipalities in Gauteng namely Tshwane and Johannesburg which grew by 2.60% and 2.49% respectively between 1991 and 2011. The increased population puts pressure on housing demands and the clearing of land for this has resulted in the loss of urban agricultural land (Marutlulle, 2017; GAPA, 2006). 

The OR Tambo international airport, located in Ekurhuleni is the busiest airport in Africa. It links to major cities throughout the world and services the entire continent (Marutlulle, 2017). The main railway hub in South Africa is also found in Ekurhuleni, Germiston. It connects the city to major urban centres and ports in the Southern African Development Community [SADC] region (Marutlulle, 2017). The transportation projects include the Wadesville Alrode industrial corridor, City deep container terminal, the Gautrain rapid rail link to Tshwane and Johannesburg and the OR Tambo International industrial zone (Marutlelle, 2017). All the above factors make Ekurhuleni a likely target for job seekers from outside and inside the country.  The great transport network in the study area has attracted creation of new businesses and establishment of industrial zones that produce material for the road network infrastructure and subsequently creating job opportunities (Marutlulle, 2017; Duranton and Turner, 2012). As more people move to Ekurhuleni for job opportunities urban area continue to grow. 
Naab et al. (2013) noted that in urban areas land has become increasingly scarce for peri-urban farmers because of the cumulative effect of dominance and succession.  Rapid urbanisation in Ghana has badly affected land cover and the changes in land use have subsequently led to agricultural land decrease in favour of built-up areas. As with Ekurhuleni, most peri-urban agricultural lands have transformed to built-up and this is reflected in the results that show the development of satellite townships which were agricultural land in the urban setting. Such townships include southern parts of Voslorus, Greater Nigel, Duduza, Palm Ridge greater parts of Katlegong, Emaphupheni, Glenmarais and many others. Alqurashi and Kumar (2017) also assessed the impact of urbanisation in the fastest growing cities of Saudi Arabia. It was found that LULC changes have been significant in the Saudi Arabia cities in the last 30 years and the results showed that most agricultural land has been converted to the built-up area. 

The results illustrated that over the years there has been a drastic decrease in agriculture and a drastic increase in urban area. In 2003 (Department of Agriculture, Fisheries and Forestry [DAFF]) reported that at least 24.4% of existing agriculture and highly agricultural land have been lost to new developments and the developments consisted of industrial and residential. In light of the GAPA (2006) and the latest updated version of 2013 produced by DACE, confirms that agricultural land is still being converted to other land uses. In their findings, at least 10% of agricultural land has been lost to other land uses since the GAPA report in 2006 and this supports the findings of this research. Letlalo (2016) submitted that government officials are aware of the loss of agricultural land loss to other land uses and is of the view that little is done to put in place proper policies to protect land that is zoned for agriculture. 

The economic growth of South Africa depends on infrastructure development, which several authors pointed out that as contributing to the transformation of agricultural land (Collett, 2013; Ranjith, 2011). It was further pointed out by Knox and McCarthy (2012) that there seem to be very little means put in place to preserve urban agricultural space. Numerous studies have been carried out by many researchers in different parts of South Africa with the concern of preserving agricultural space but daily, agricultural land is lost (Letlalo, 2017; Collett, 2013;). 

The predicted LULC of the year 2049 shows that the built-up areas will increase by 12.09 % mainly covering the southern and north-eastern parts of the area. The increase in the built-up area will likely be as a result of population growth which is expected to be 4 874 225 in 2019 (SACN, 2011).  Urban Agricultural land will decrease by 6.17% owing to increased urban growth.  The findings of this research are aligned with Alrubkhi (2017) who simulated LULC in Boasher Willayat, Oman by 2025 using the logistic regression model coupled with cellular automata in QGIS MOLUSCE plugin. Both studies show an increase in built-up areas and a decrease in agriculture. The findings of these studies only differ in that Al-Rubkhi (2017) produced a projection for the year 2025 whilst the projection results for this study are for the year 2049. Mienmany (2018) also used a combination CA-ANN model in QGIS MOLUSCE plugin to simulate land use and land cover changes in Kyson Phomvihan District, Laos for the year 2022. The overall results of the study showed that built-up areas will increase by 7% and agricultural areas will decrease by 8.2%. Compared to the above studies, the model was accurate in simulating and predicting the urban growth of urban agriculture. Letlalo (2017) also confirmed that population growth in the Ekurhuleni will result in a lot of settlements being built which will adversely affect agricultural activities. This would be as a result of most peri-urban farmers likely losing their land due to being outbid by residential and industrial developments. 

The projected continued loss of agricultural land as shown by the projection statistics and results could block economic growth in Ekurhuleni and affect the livelihoods of people who depend on the agricultural land for survival. Agriculture plays an important role in alleviating poverty and in providing food security. Continued loss of agricultural land could pose a threat to food security. Fuggle and Rabie (1992) reported that agricultural land is the most important component of South Africa’s natural resource base and provides the source for future development of the country, in terms of food security of its populations. United Nations assets that “agriculture is important in meeting the demands of future populations, especially in terms of eradicating poverty, providing food security and empowering rural communities in countries such as South Africa. Therefore, an adequate supply of quality agricultural land is essential for the economic, social and environmental wellbeing of the citizens of a country (Lyson and Olson, 1999).





[bookmark: _Toc91243][bookmark: _Toc4189636]CHAPTER 6: CONCLUSIONS, LIMITATIONS AND RECOMMENDANTIONS

The final chapter of this study consists of conclusion, limitations and recommendations. The analysis of Landsat images provided results which enabled analysis and quantification and provided a rich understanding of LULCC changes in Ekurhuleni and how urbanisation has impacted agricultural lands from 1985 to 2017. 
[bookmark: _Toc91244][bookmark: _Toc4189637]6.1 Conclusions 

In this study, eight Landsat images were used to quantify the impact of urbanisation on agricultural land in Ekurhuleni from 1985 to 2017. Remote sensing techniques and change detection method were found to be a very useful approach in achieving the research objectives.  The objectives for the research were thus all achieved. 

The following conclusions are drawn out from this study;
I. The LULCC in the Ekurhuleni from the year 1985 to 2017 shows that bare soil decreased from 5% to 0.4 %. It was shown in the study that most of this bare soil was transformed into built-up area. 

The area covered by woody vegetation decreased from 6% to 2%. Most of this LULC class was converted into grassland and very little into the built-up area. 

Land covered with wetlands declined from 21% to 11% over the period of 30 years and the change detection statistics showed that most of this land was converted into built-up area. 

In the year 1985, 33% of agricultural land covered the Ekurhuleni, due to urbanisation, this number decreased to only 15% by 2017.  Ekurhuleni has therefore lost half of its agricultural land to urbanisation.

The land covered by water bodies increased significantly. Only 0.25% of land in 1985 was covered in the water bodies and this increased to 4%. Most of these water bodies consist of manmade dams and lakes in high-income settlements. 

There was a decrease in the land covered by grassland. 26% of the land was covered by grasslands in the year 1985 and by the year 2017, grasslands only cover 18% of the Ekurhuleni. 

II. The impact of urbanisation on agriculture in Ekurhuleni was observed in this study. The classified images show that built up area has increased over a period of 30 years adversely impacting agricultural lands. The amount of agricultural land decreased from 33% in 1985 to 18% in 2017. 

III. The only impact on agricultural land was found to be urbanisation in form of built-up area 

IV. Landsat data was used to quantify the LULCC in terms of hectares and percentages. Landsat can be analyzed to show LULCC and coupled with change detection methods together with GIS and remote sensing techniques, accurate results can be obtained. ENVI 5.2 software was used in this study to quantify the impact of agriculture to produce accurate results which are supported by the accuracy assessment which was done. 

V. Finally, the projection results which were produced for the Ekurhuleni for the year 2049 show that built-up area will increase by 12%. The main contributing factor to the increase of the built-up area would be increasing population. The increase in the built-up area will adversely affect agricultural land. 

6.2 [bookmark: _Toc91245][bookmark: _Toc4189638]Limitations of the Research 

I. There were inadequate aerial photos with full coverage of the area for training samples collection for some of the years and as such the only reliable source was Google Earth 
II. Some years on Google Earth did not have data loaded and as such it made visual interpretation very hard in order to collect the training samples and this might have affected the classification process. 
III. There was a lot of inconsistencies in the Landsat images with the local datum and as such a lot of time was consumed in the making the formats consistent. 
IV. The absence of high-resolution data such as World View and GeoEye-2, socio-economic data and other ancillary data hindered the production of more accurate results. 

6.3 [bookmark: _Toc91246][bookmark: _Toc4189639]Recommendations 

I. The study showed that from the year 1985 to the year 2017, there has been a drastic increase in built-up area, of which part of the built-up area consists of informal settlements.  It would be prudent for the city of Ekurhuleni to implement measures and policies on housing and to increase the housing services for its population.

II. Findings of research studies similar to this one can be presented to policy makers and decision makers to serve as guidelines in assisting decision making 

III. This study showed that the main reason for the increase in built-up area was due to the population increase resulting from other factors that make Ekurhuleni attractive for settlement. It would be interesting if future studies to explored other factors that may be impacting agricultural land. 

IV. This study used Landsat imagery to quantify LULCC. In future researches, high-resolution imagery should be used to improve classification accuracy.

V. In this study, little ancillary data was used and the expansions of urban areas were found to be the only factor that causes the loss of agriculture. In future research studies, it would be interesting to use ancillary data such as economic growth data, climate data to determine if there are any other factors that lead to the agricultural loss in Ekurhuleni. 
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