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ABSTRACT 

 

The main focus of this research study was to quantify temporal land cover changes (LCC) 

around the Atok area in Sekhukhune District, Limpopo Province, over a period of four years. 

The influence of chrome mining expansion on land cover changes was mapped using Sentinel-

2 imageries acquired in 2016 and 2019 using the Maximum Likelihood Classifier (MLC) and 

Support Vector Machine (SVM) classification algorithms. Normalized difference vegetation 

index (NDVI) was used to establish correlation between the change analysis results with clas-

sification results.   

The overall accuracies of the 2016 and 2019 Sentinel-2 image classifications using the MLC 

were 83% (with kappa value of 0,77) and 80% (with kappa value of 0,75) respectively, while 

those of the SVM classifier were 84% (with a 0,78 kappa coefficient) and 81% (with a 0,76 

kappa coefficient) respectively, showing that the SVM outperformed the MLC by a 1% margin. 

The chrome mining operations grew by 1,6% from an average of 2,3% in 2016 to 3,9% in 2019, 

which is an increase of 314.5 hectares over the period of four years. Vegetation cover decreased 

by an average of 3,3% (648,6 ha) during this period. A moderate increase of 3,8% was recorded 

for dry areas, owing to exposures due to stripping and open cast mining in the new chrome 

mining operations. Further analysis of land cover types revealed the inter-relations of the 

change scenarios between the chrome mining class and other land cover types available in the 

study area. NDVI results highlighted areas of increased dry soil exposures and areas with major 

losses in vegetation cover, which are attributable to development of new chrome mining oper-

ations. Mapping of land cover change using Sentinel-2 imageries has proven robust in effec-

tively highlighting the impact of chrome mining activities and its expansion on the local land-

scape quality and environmental degradation within the area.  
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1. CHAPTER ONE: INTRODUCTION AND STUDY BACKGROUND 

1.1 Introduction    

Mining serves as a source of raw materials and minerals required for industrial and domestic 

use in many countries throughout the world. In South Africa, the mining industry remains the 

most important economic sector and plays a key role in attracting foreign investment by creat-

ing a platform for leading global enterprises (Sorensen, 2011). In 2018, mining contributed 

R356bn or 7.3% to the country`s GDP, which accounted for 25% of the country’s total export 

earnings (InvestSA, 2020). Chrome ore is amongst the most essential metal ores currently 

mined in the country. Over the past decade, chrome mining development experienced a gradual 

growth in Southern Africa. The growth in chrome ore exports from South Africa is mainly 

driven by a yearly consumption growth rate of approximately 3,7% worldwide, the bulk of 

which is led by China (Engineering News, 2019). South Africa possess about 70% of the to-

tal chrome reserves found around the world (Sharaky, 2014). Most of this comes from the 

Bushveld Igneous Complex, which produces about 75% of the world's ferrochrome (Africa 

Mining IQ, 2019). In 2017, the country produced over half of the world`s total production of 

chrome ore (Africa Mining IQ, 2019).  

Most mining activities are infamous for their inherent pollution footprints on the surrounding 

environment. Surface chrome mining operations are no different and leaves a legacy of huge 

levels of adverse environmental pollution behind. Growth in the chrome mining operations 

typically leads to a severe alteration of the landscape dynamics, which includes a substantial 

decrease in landscape quality (Coetzee et al., 2020), water quality (Mavunda, 2016), decrease 

in vegetation growth and an increase in the overall environmental pollution.  

 

Remote sensing applications have widely been used to analyze and uncover the causes, trends, 

development and extent of the land cover changes, to facilitate the decision-making process for 

the effective implementation of mitigation measures of adverse environmental impacts 

(Xiuwan, 2002; Mundia and Aniya, 2005). These applications have also been used for moni-

toring, maintenance, natural resources management and local spatial planning, with an overall 

objective of ensuring environmental sustainability. This study investigates the use of thematic 

satellite images (Sentinel-2) for visualization of impacts of continual expansion of surface 

chrome mining operations on land cover change over an area, during a four years period. The 



      

 

2 

 

study presents measurements of LCC through a descriptive assessment of changes in different 

land cover classes as impacted by a gradual growth and expansion of surface chrome mining 

operations. Sentinel-2 imagery was used as a platform to evaluate the Land cover change (LCC) 

around the Atok area and its surroundings. The Maximum Likelihood Classifier (MLC) and 

Support Vector Machine (SVM) algorithms were used to highlight the LCC in the area from 

the year 2016 to 2019. The Normalized Difference Vegetation Index (NDVI) change over the 

assessment period was used as supplementary information to complement the classification 

results. Change analysis was conducted to quantify the land cover change caused by growth 

and expansion of chrome mining operations within the study area.  

1.2 Background 

Surface mining usually leads to environmental degradation due to the various landscape dis-

turbances such as air pollution, increase in soil erosion, visual disturbance, loss of arable land, 

degradation of vegetation productivity and contamination of water resources (Ololade et al., 

2008, Mensah et al., 2015 and Coetzee et al., 2020). The effects of surface mining activities 

create conditions that exacerbates an increased imbalance in the ecological well-being of a 

landscape, which in turn could result in severe impacts on the wellbeing of local plants, ani-

mals, organisms and human communities.  

 

Quantification of spatial and temporal land cover change in an area offers opportunities to un-

derstand the extent and intensity of localized environmental degradation caused by those 

changes. Proper quantification of land change scenario within the landscape will improve our 

understanding of the -temporal changes as they relate to developmental growth and adequately 

inform policy direction and spatial planning (Verburg et al., 2009). Local LCC data is im-

portant as feeder information for understanding the current worldwide changes, which would 

be used to inform future decision-making on ecological management and environmental mon-

itoring (Hassan et al., 2016). Therefore, the monitoring of the short-term landscape change 

dynamics in a severely altered area may provide the basis for prediction of projected long-term 

ecological, social and natural resources degradation, as well as provision of possible solutions 

for mitigation of the environmental impacts of the changes in an area. 
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A severe deterioration in the quality of available land resources can lead to several unwanted 

implications that may lead to scarcity of land resources, such as improper use, illegal or unreg-

ulated use of land resources, institution of civil land claims, improper land apportionments, 

civil unrest, etc. 

 

1.3 Research questions  

This study is based on the hypothesis that continual expansion of the existing chrome mining 

operations severely affects land cover change dynamics within the study area. Therefore, this 

study seeks to answer the questions listed below, to test the hypothesis. 

 What is the effects of chrome mining activities on LCC in the Atok area between the 

years 2016 and 2019? 

 Is medium resolution Sentinel-2 imagery adequate for LCC mapping?  

1.4 Research aims and objectives 

The main aim of the study was to quantify temporal land cover changes (LCC) of the Atok area 

using Remote Sensing tools.  

 

Objectives  

The specific objectives of this study were to: 

 

 Identify chrome mining activities through use of Maximum Likelihood Classification 

and Support Vector Machine supervised classification techniques.  

 Compare the capabilities of Maximum Likelihood Classification and Support Vector 

Machine supervised classification techniques for land cover change mapping. 

 Quantify LCC that occurred due to the growth and expansion in the chrome mining 

activities during the assessment period. 

1.5 Significance of the study 

Successful completion of this study would add to currently available of knowledge on the use 

of MLC and SVM classification algorithms for LCC mapping. Although the study uses the 

common remote sensing analysis applied in sequential LCC mapping, it offers relatively new 
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information pertaining to impacts of chrome mining development on land cover change dy-

namics in South Africa, for which there is only little information in literature. Availability of 

LCC maps is critical for spatial planning, natural resources monitoring, landscape management 

and conservation, as well as for the running of monitoring programs at all governance admin-

istrative levels.  

This study intends to fill gaps pertaining to research work conducted for quantifying impacts 

of surface chrome mining activities on LCC dynamics in the mining areas of Southern Africa. 

It also contributes to the understanding of driving factors of LCC locally and serves as feeder 

information for implementation of LULC change models at a regional scale. It is expected that 

findings of this study would serve as a great value addition into establishment of standardized 

methodologies for mapping chrome mining impacts on LCC, which would be used for deter-

mination of adequate environmental mitigation solutions, and to assist in future spatial plan-

ning for rural and semi-urban settlements. Moreover, the LCC datasets could be used as basis 

for understanding factors that contribute to reduction in the quality of land resources as well as 

essential information for development of plans for rehabilitation of mining impacted land-

scapes.    
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2.  CHAPTER TWO: STUDY LOCALITY 

This chapter provides an introduction to the study locality, detail the area geology, local land-

scape dynamics, the mining history, and offer an understanding of chrome mining development 

within the study area and its impacts on the landscape.  

2.1 Study area and the local mining history 

The study area is situated between Latitudes -24,200° to -24,300° and Longitudes 29,790° to 

30,010°. The area falls within the Fetakgomo Local Municipality, within the Sekhukhune Dis-

trict in Limpopo province (Figure 1). The study area covers an area totalling 19,653 hectares 

and it is a site that has been subjected to intensive mining of Platinum Group Minerals (PGM) 

and chrome ore for the past three decades. The area has a rich mining history. One of the most 

notable reference points within the study area is the Atok platinum mine. The mine is renowned 

for being one of the oldest platinum mines in the country, having started operations around the 

1960s and one of the first mines to explore the UG2 and Merensky PGM-bearing reefs (Fogg 

and Cornellisson, 1993). The mine operates the Brakfontein Merensky, the Middlepunt Hill 

UG2 shafts plus an opencast section at Klipfontein. In 2017, Bokoni mine stopped its mining 

operations due to financial liquidity problems, but plans are now afoot to resume the platinum 

mining operations. Chrome mines have also operated in the area before. The Jadglust mine was 

a small opencast mine that was exploiting near surface chromite seams. It ran operations in the 

early 1970s and continued for a period of 3-8 years (Lee and Perry, 1988). The Jadglust oper-

ation was economically productive and during its heydays, and was rated amongst the best 

producing chrome mines in South Africa (Fogg and Cornellisson, 1993). The chromite seams 

being exploited extends over 200km in distance from Dwars River in the far-east near Steel-

poort, to Bogalatladi village in the west. Most of the chrome mining activities highlighted in 

this study emanates from an extension of the reef previously exploited by the Jadglust chrome 

mine. Some of the newer, more formalized and well-structured operations are found near Tsi-

beng village and up in the mountains south of the village. The study area encompasses a number 

of rural villages, several rugged mountains and a regional arterial road connecting the towns of 

Polokwane in the west and Burgersfort in the east. The perennial Olifants River (locally known 

as the Lepelle River) cuts across the study area, treading eastwards. Two other smaller and 

seasonal tributaries exist within the study area, namely the Mphogodiba and Rapholo Rivers, 

feeding into the larger Olifants River.  
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Figure 1. A study location map showing the area around the Atok mine in Sekhukhune Dis-

trict, Limpopo Province. 

 

2.2 Climate and terrain 

The area being investigated enjoys a pleasant climate throughout the year. The summer period 

can be relatively hot, with temperatures occasionally reaching highs between 32-36° Celsius. 

It enjoys a mean annual temperature of 23° Celsius and an average annual rainfall of 600ml 

(Mpandeli et al., 2015). Most of the rainfall mainly occurs in summer and winter is usually the 

driest season, with most of the available shrub lands, woodland and vegetation losing their 

canopies. Topographically, the area boats a succession of rugged mountainous features, as well 

as other relatively well vegetated slopes and small valleys, although most of the existing resi-

dential infrastructure lies on gentle slopes or relatively flat plains. The area is relatively well 

vegetated with green leafy trees covering most of the mountains on the western and the far 

south-eastern side. The mid-section of the area is covered by rugged and dry mountains, which 

generally exhibits sparse distributions of vegetation at the top.   
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2.3 Area geology 

Our focus area is located mainly within the eastern limb of the Bushveld Igneous complex, 

which is a large layered intrusion covering a surface area approximately 65,000km2 (Eales and 

Cawthorn, 1996). The Bushveld complex is made up of several limbs, which are: the western, 

northern, southern, and the eastern limbs, and each limb is made up of a number of domains 

(areas) which are referred to as zones.  

 

Geologically, the study area is covered mainly by successions of mafic rocks such as norites, 

anorthosites and pyroxenites, some of which comprises within their layered successions the 

various Platinum Group Minerals (PGM) which includes economically mineable commodities 

such as Chromium, Platinum, Palladium, Rhodium, Iridium, etc. The chromite seams being 

exploited within the selected study area are part of the Upper group 2 (UG2) and the Lower 

Group 6 (LG6) chromite seams. The UG2 seam is known to extend approximately 230km lat-

erally (East-West) within the eastern limb of the Bushveld (McLaren and De Villiers, 1982). 

The major economic chromite deposits found within the Bushveld Igneous Complex occurs as 

two types: stratiform or the podiform types. Stratiform type chromite deposits occur as parallel 

zones or elongated seams (Sciarone, 1998). Their layering is consistent and they also exhibit 

considerable lateral continuity. This explains the strong lateral continuity and surface represen-

tation of the chrome ore mining operations, which are spread continually over a linear stretch 

of area, extending along strike from the eastern edge almost all the way through the western 

edge of the study area.  

  

2.4 Chrome mining 

Due to the rapid industrialization in the world, natural resources are being over-exploited to 

satisfy the growth in demand for metal commodities in countries such as China, India, and 

other developing countries in the world (Africa Mining IQ, 2019). Chromite is one of the metal 

ores in high demand in the ferro-alloy industries. It is a highly valuable metal mainly used in 

different industrial applications for production of anticorrosive super alloys, stainless steel and 

as an additive in the production of industrial chemicals such as paints.  
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Early mining of chromite was conducted in small pits and trenches, where only conventional 

hand tools were utilized. However, as demand grew, large scale open pit workings were devel-

oped, as well as mechanical underground mining, which required use of heavy mining equip-

ment (Africa Mining IQ, 2019). The ore being mined is found at different grades, which are 

consumed differently due to varying levels of demand. The high demand from stainless and 

other alloy steel industries has necessitated for an uptake in chrome ore at various grades, in-

cluding low grade ores (Africa Mining IQ, 2019). According to KPMG (2018), stainless steel 

demand is the major driver for demand of ferrochrome and chrome ore commodities. The 

worldwide stainless steel production market is currently led by China (KPMG, 2018), see Fig-

ure 2. Therefore, the high demand from the stainless steel industry hugely influences the price 

of chrome ore exported from South Africa, which in-turn induces growth and expansion of 

chrome mining operations locally, to ensure adequate supply. As such, the continual expansion 

in chrome mining operations within our study locality over the past few years comes as no 

surprise. Within the study area, most resources situated close to the surface are mined via open-

pit mining to an approximate depth 50m. Several small and medium sized mining companies 

have opened chrome exploiting operations within the study, including some small scale oper-

ators and illegal artisanal miners. Figure 3 shows some of the operations captured from within 

the area, some of which are conducted within villages and up in the mountains, while some 

operations are run by small scale and illegal miners. 

 

2.5 A summary of the chapter 

This chapter offered an introduction to our site locality, to build an understating of the site 

conditions, including the local area setting, the land cover types available around the area and 

the climatic conditions. The geological setting within which the site exists allows for an under-

standing for the existence of numerous chrome mining operations. The chapter also brings to 

the fore the rich mining history due to abundance of PGM deposits in the area, which forms 

the basis for the continual growth and expansions of chrome mining operations within the study 

area. The choice of the study area is solely based on the premise that mining activities often 

imparts severe environmental impacts and landscape degradation. The landscape degradation 

is related to land cover change mapping, which is described in detail in the next chapter.  
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Figure 2. Chrome mining information. a, Chromite reserves in the world, b, Stainless steel 

production by country, c, Chrome ore supply and demand, and d, Historical and forecasted 

chrome ore and ferrochrome prices. Graphics courtesy of KPMG report (2018). 

 

 

Figure 3. Site images depicting chrome mining operations around the Atok mine area, a, The 

yellow outline shows a chrome ore stockpile at one of the mines, b, new operations in the 

mountains, c, an excavator working in a shallow chrome mining operation. d, some of the 

chrome mining operations are found in close proximity to residential units (local`s homes). 

Images collected during site visits. 
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3. CHAPTER THREE: LITERATURE REVIEW  

This chapter provides a brief history of land cover change mapping and an introduction to the 

principles, methodologies and technologies commonly applied for LCC studies. It also de-

scribes various research works that applied the technique used herein, and highlights various 

shortcomings and the trade-offs that must be accounted for in any research that involves these 

methodologies. 

3.1 Background of land cover mapping 

Land cover mapping is a commonly used and significant application of remote sensing because 

of its ability to provide valuable scientific results, guidance for policy change and decision 

making in environmental monitoring (Verburg et al., 2009; Melesse and Abtew, 2016). The 

use of remotely sensed images for the extraction of LULC targets has an extensive history, 

which extends before introduction and commission of the Landsat satellites (Sohl et al., 2010). 

Land cover, by definition, refers to the physical material that covers the surface of the earth, 

which are often categorized as different classes such as vegetation, open-water, built-up or 

residential, wetlands, forests, etc. In terms of their description and purpose, land cover and land 

use are different. Land use explains the purpose for which a patch of land is utilized or serves, 

such as agriculture, recreation, conservation, mining, etc. Land use and Land cover are very 

closely related, and are usually analyzed together for purposes of obtaining a broader perspec-

tive on material changes of an area. Those types of studies are known collectively as LULC 

studies. Different land cover types usually exhibits different phenology. Some of the major 

land cover classes found within our study area includes residential areas, vegetation types, 

shrubs, patches of cultivated crops and woodlands, bare, fallow and dry lands, and mining op-

erations. A more detailed South African national land cover map of 2018 (DEA, 2019) was 

used as a basis for initial assessment of the land cover scenario in the area and for development 

of the class schemes. 

 

Periodic land cover change analysis is usually applied for monitoring of the impacts of land 

cover changes, which affects the spatial extent and magnitude of ground based features (Sakai 

et al., 2015). Land cover data are frequently used to offer information relating to periodical 

landscape transformations, assessment and monitoring of landscape condition. The work cov-
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ered in the present study is based on pioneering works in the field of land cover mapping con-

ducted by writers such as Giri (2016), Thompson (1996), Zhu et al. (2008) and many others. 

These works covered very significant topics such as early development of land cover models, 

standardization procedures, selection procedures and criterion, sensitivity thresholds for class 

separations and fundamental principles in development of land cover classes for national and 

regional land cover mapping. 

 

Availability of easily accessible, good quality, accurate and latest countrywide land cover prod-

ucts forms the basis of a thriving LCC research sector. There is usually a lack in availability of 

datasets used for sustainable and effective land use and land cover monitoring, more especially 

in underdeveloped and a number of developing countries throughout the world, mainly due to  

lack of resources, unstable economies and conflicts. In South Africa, several national land 

cover products have been developed, since 1994. These includes the National Land Cover 94 

(NLC 94), NLC 2000, NLC 2005 and NLC 2013. Each subsequent product was an improve-

ment of the previous version, with reviews of the sampling methodologies, technologies uti-

lized and involved the use of higher or better resolution imagery. Ngcofe and Thompson (2015) 

reported on the status of land cover mapping in South Africa over the period between the years 

1994-2015. Their report detailed the processes and methods applied in classification of land 

cover types, datasets and classification schemes used in the development of the National Land 

Cover products over the time span. To date, the latest available land cover product is the NLC 

2018, released by the Department of Environmental Affairs (DEA, 2019). These products are 

useful in many ways: as basis for comparison, improvements of land cover classifications, de-

velopments of class schemes, change detection mapping and time series analysis and for LCC 

mapping studies by various sectors of the economy such as forestry and earth sciences, agri-

culture and environmental monitoring agencies.  

 

3.2 Impacts of mining on a landscape 

Large scale and rapid land cover changes coupled with over-exploitation of natural resources 

have the potential to cause severe negative environmental impacts (Suhari and Siebenhüner, 

1993). A huge body of scientific research studies has been conducted on the social impacts of 
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mining in South Africa, although much of these is related to impacts due to mining of com-

modities such as Coal, Platinum and Gold mining. However, there is very little literature on 

the impacts of chrome mining developments on land cover change in South Africa.  

Landscape degradation is one of the major forms of environmental impact caused by surface 

extraction of ore or open pit mining, and is a subject of high concern for many communities. 

The work covered in this study involves surface chrome mining operations, which usually have 

a major impact on land degradation. Surface mining methods can lead to several landscape 

disturbances such as erosion, air pollution, topographic change, removal of vegetation, and 

impacts on water resources. When left unattended and unabated, such disturbances may lead 

to major environmental risks. The World Bank`s report sustainable development in 1994, noted 

that mining has the ability to contribute immensely to high levels of landscape deterioration, 

degradation and pollution in areas with abundant natural resources, if compliance to environ-

mental policies is neglected and legislation is poorly enforced (World Bank, 1994). A total 

disregard for landscape degradation can lead to an increase in natural and man-made risks.  

 

Land cover conversion/transformation is a topic widely researched using time series analysis 

and spatio-temporal mapping for purposes of land use monitoring. Several researchers have 

produced land cover transformation mapping at regional or national scales. Wessels et al. 

(2004) studied the impacts of human-induced land degradation using a time series approach. 

Their study quantified the influence of changes in rainfall patterns and NDVI changes, and its 

contribution to man-made landscape degradation and analysed the interrelationships between 

vegetation decline, vegetation productivity and levels of degradation in areas as influenced by 

change in rainfall patterns. This highlights the value of land cover transformation research, 

which is particularly more important for the agricultural industry. Other forms of land cover 

transformations may result in degradation (Mbiwa, 2018) and/ regeneration of forest land-

scapes (Southworth, 2004) or habitat disturbances and species movements (Gillespie et al., 

2008; Nagendra et al., 2013).  

 

Numerous efforts have been made to map land degradation in specific areas within South Af-

rica, using a variety of satellite datasets such as with Landsat TM datasets (Turyahikayo, 2015; 

Münch et al., 2017) and AVHRR (Wessels et al., 2004) and High resolution SPOT imagery  
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(Tanser and Palmer, 1999). Several studies have also been conducted in South Africa to meas-

ure the impacts of extractions of commodities such as platinum mining (Ololade et al., 2008), 

iron ore, limestone, coal and marble on land cover in an area. Results from such studies have 

been used by government in various ways i.e., influence environmental monitoring policy, in 

shaping regulatory framework and use as input data for development of land cover map prod-

ucts. Other studies have highlighted the topic of erosion of social identity for people living in 

close proximity to mining operations, which also involves exposures to high risk of serious 

health impacts due to exposure to harmful levels of environment pollution.  

 

3.3 Use of Sentinel-2 imagery for land cover mapping 

Medium resolution Sentinel-2 imagery has been used for LULC studies, land cover analysis 

and other environmental monitoring applications, since its launch in 2015. Several studies have 

been conducted to demonstrate the successes recorded with use of Sentinel-2 imagery for land 

cover change analysis, vegetation monitoring, aquatic studies, glacial studies and various other 

applications (Sothe et al., 2017; Makaya et al., 2019 and Phiri et al., 2020).   

Thanh Noi and Kappas (2018) successfully demonstrated capabilities of Sentinel-2 imagery 

for land cover mapping, obtaining a good overall accuracy in the range 90% - 95%. Their study 

compared and analyzed performances of various classifiers such as the Random Forest, the K-

Nearest Neighbors algorithm and Support Vector Machine for land use and cover classifica-

tions. Although their study focused primarily on comparing various classification algorithms, 

an expression of Sentinel-2 data capabilities for land cover mapping was also established. The 

study by Clerici et al. (2017) further demonstrates the adequacy of both medium resolution 

Sentinel-1 and Sentinel-2 imagery. Their study explored the integration of radar data (Sentinel-

1) and multispectral (Sentinel-2) datasets, for land cover change classification and produced 

good overall accuracies for the combined Sentinel-1 and 2 imageries. An overall accuracy of 

88.75% with a kappa coefficient of 0.86 was attained, with all the land cover classes considered 

obtaining producer accuracies higher than 80%. These types of studies justify the application 

of medium resolution Sentinel-2 images for land cover monitoring studies.  

 

https://www.sciencedirect.com/science/article/pii/S0034425704000653#BIB96
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3.4 Techniques and technology typically applied in LCC studies 

The methods, technologies and quality of datasets used for analysis of LCC is continuously 

improving. This study draws on the use of remote sensing techniques and their application in 

environmental monitoring. Continuous development of remote sensing techniques through use 

of satellite imagery and similar products has influenced growth in land cover mapping research 

and its related applications (Mbiwa, 2018). 

 

A number of classification algorithms are applied to map and quantify various facets of land-

scape change. Supervised and unsupervised classification algorithms are predominantly ap-

plied for highlighting changes on the earth’s surface. Other machine learning algorithms such 

as deep learning, cluster analysis, artificial neural networks, anomaly detection, principal com-

ponents analysis, etc., are also applied in various fields to study change in very complex land-

scapes.   

 In this study, supervised classification methods, through application of SVM and MLC algo-

rithms are used to map land cover change over the study period from 2016-2019. Fichera et al. 

(2012) conducted a study similar to the current one. Their study characterized land cover 

change dynamics for an area in Southern Italy during a fifty-year period (1954–2004) using 

SVM and MLC algorithms. Their study found that LCC patterns were primarily linked to nat-

ural such as earthquakes, floods or tsunamis and social processes such as urbanization and rapid 

population growth.  

 

Several research studies have been conducted using this approach with varying levels of suc-

cess (Taati et al., 2015; Szuster et al., 2011). Most of the studies were carried out to assess the 

performances of different classification algorithms, sometimes pitted against each other to 

measure their levels of accuracies. Adam et al. (2014), used Rapid-Eye imagery to assess the 

performance of the RF and SVM classifiers in LULC classification of a coastal environment, 

to determine the efficacy in application of different RapidEye bands on classification outputs. 

Results from their study found that the RF and SVM classifiers performed comparatively sim-

ilarly. The study achieved overall accuracies of 93.07% and a 0.92 kappa coefficient for the 

RF, while the SVM classifier obtained a 91.80% overall accuracy with a kappa coefficient of 

0.92. Similarly, Lu and Weng (2007) conducted a research study using image classification 

methods and techniques applied to improve classification performances. Their study outlined 
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reviews of the performances of various classification techniques and results of comparisons of 

various algorithms when compared. Their research focused on grouping different classification 

approaches such as per‐pixel, subpixel, per‐field, contextual‐based, knowledge‐based, and a 

combination of multiple classifiers to study accuracy levels obtained with application of each 

approach. Using this method, their research showed that combinations of different classifica-

tion algorithms is effective for improvement of overall classification accuracies.  

 

Similar studies have been conducted by other researchers who focused on specific combina-

tions/comparison of different classification algorithms such as Random forest and MLC, or 

SVM and MLC (Deilmai et al., 2014; Rimal et al., 2020), as is the case in the current study. 

Thanh Noi and Kappas (2018) compared random forest (RF) algorithm, k-nearest neighbor, 

and support vector machine classifiers for use in land cover classification on Sentinel-2 im-

agery. Their results showed that the SVM classifier produced the highest overall accuracy 

(95,45% on average), with the least sensitivity to training sample size, followed closely by the 

RF (94,5% on average) and k-nearest neighbors (kNN) classifiers (94,10% on average). Results 

from such studies further reinforces the notion that the SVM classifier is usually a superior 

classifier, when pitted against most other similar classifiers, for land cover mapping studies.   

Utilization of multiple classifiers for classification of land cover change offers plenty of ad-

vantages such as improved classification accuracies, the ability of certain classifiers to better 

classify certain land cover classes than others and the addition of more ancillary information 

for adaptive class weight selections. 

 

3.5 Summary of the chapter 

This chapter offered an analytical summary of relevant literature to the current study, as well 

as summarizing important themes covered in historical land cover mapping studies. Impacts of 

mining on landscape degradation were outlined, with specific examples related to the current 

study offered. In the following sections, the typical methodologies and technological equip-

ments typically applied for LCC studies were explored, which gave a basis for the use of remote 

sensing applications selected in this study. Once these are outlined, a sound basis is created for 

the quantification of land cover change that occurred within our study area during the assess-
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ment period. The next chapter will outline the methods and materials required for data acqui-

sition, processing, and the descriptions of parameters and theoretical principles behind the ap-

plications of the selected classification techniques. The methods to be used in data analysis are 

also outlined and explained to give an understanding of how the results will be derived. 
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4. CHAPTER FOUR: METHODS AND MATERIALS 

This chapter presents the basis, methods used and theoretical principles that underpins appli-

cations of the methodology used in the study. First, the introduction to remote sensing and its 

application for LCC mapping is presented. Then, the subsequent topics deals with acquisition 

of the dataset, pre-processing and the methods used for its analysis. This background provides 

a gateway into analysis of the classification results and creates conditions for attainment of the 

research objectives.  

4.1 Remote sensing and GIS 

According to Tomlinson et al. (2011), remote sensing refers to the science of obtaining infor-

mation about an object or area without being in physical contact with it. This is made possible 

by use of various types of sensors, which are deployed to acquire information about the area. 

Remote sensing technology with its multi-temporal and multi-spectral observations allows for 

both short-term and long-term monitoring to assess, quantify and predict spatial change or 

growth (Taubenböck and Esch, 2011). For the current study, medium -resolution Sentinel-2 

imagery was used to map temporal changes in land cover within the study area. The study is 

conducted following the process detailed in Figure 4. 

 

Figure 4. Flowchart diagram showing the steps followed to conduct this study. 
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4.2 Resolution 

4.2.1 Spatial, spectral and temporal resolution 

There are different types of resolutions which are essential in remote sensing. Spatial resolution 

in imagery refers to the number of pixels used in construction of a digital image (Huang et al., 

2013). Sentinel-2 images are useful for LCC classification as they exhibit a reasonable spatial 

accuracy, which is capable of meeting important requirements such as discrimination of subtle 

features at an appreciable levels of clarity. Spectral resolution of a sensor refers to the ability 

to resolve finer features within different wavelengths of the electromagnetic spectrum. (Dlam-

ini et al., 2019). It can be expressed as the width of the recorded spectral bands. There are a 

number of spectral bands in use, which includes the red, green, blue bands, and NIR, Mid-IR, 

thermal, bands, etc. Only certain bands or a combination of bands better reflects some features 

on the ground. The greater the number of the bands, the more detailed the information ex-

tracted, which enables the analyst to effectively discriminate between different and smaller 

objects. Temporal resolution describes the ability of a sensor to collect imagery of the same 

area of the earth's surface at different periods of time (Emetere, 2019). By studying temporal 

changes, an analyst can compare spectral characteristics of features and analyze the changes 

over a measured period of time. 

4.2.2 Radiance and reflectance 

 Radiance 

Radiance is a radiometric measure that defines the amount of light that is emitted or reflected 

by a medium. According to Ackerman (2011), reflected solar irradiance represents the radiance 

of importance in optical remote sensing. This distinction amplifies the importance of the re-

flectance characteristics of each land cover feature, which can be identified by calculating its 

radiance character. The spectral reflectance of a surface object is can be defined as follows:  

 

 

 

Where, Er(λ) represents the reflected spectral energy from the surface object and Ei(λ) repre-

sents the spectral irradiance incident of the surface object. Spectral reflectance curves are used 

to indicate the amount of energy reflected by certain surface features at a specific wavelength. 
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The spectral reflectance curves functions as indicators for the presence of certain features on 

the earth`s surface as they are related to their spectral attributes.  

 

Radiometric calibration 

Radiometric calibration is an image pre-processing step used to improve quality of resultant 

images for scientific analysis (Chander et al., 2009). A radiometric calibration is required for 

conversion of digital numbers data from image pixels into surface reflectance units. Equations 

and parameters for the conversion of calibrated Digital Numbers (DN) to at-sensor radiance or 

Top-Of-Atmosphere (TOA) reflectance are sensor specific to type the sensor used, as in Sen-

tinel-2 satellite sensor for the current study.  

 

4.3 Sentinel-2 satellites data 

European Space Agency (ESA) `s Sentinel-2 satellite was launched in 23 June 2015, and con-

tains two satellites for land monitoring with a full systematic coverage of land surface at world-

wide level. The Sentinel-2 Multi-Spectral Instrument (MSI) satellites provides good resolution 

imagery useful for monitoring of changes in land surface conditions, at a high revisit time (5 

days at the Equator) and covers a wide swath width of 290 km (Clerici et al., 2017). Sentinel-

2 consists of 13 spectral bands (VNIR, NIR and SWIR region bands) making it more valuable 

for mapping and discriminating between different species of vegetation (Forkuor et al., 2018). 

Sentinel-2 has a good combination of both spatial and spectral resolution, adequate for land 

cover classification. The spatial resolution of Sentinel-2 satellite is categorized as moderate 

resolution (10m for VNIR bands and 60m for the SWIR bands), which is better than that of 

freely available Landsat 7 Enhanced Thematic Mapper (ETM+) imagery which has 30m spatial 

resolution for bands 1 to 7 and 15m for band 8 (panchromatic). Availability of the newer mul-

tispectral sensors such as Sentinel-2 has resolved the data accessibility limitation created by 

high resolution hyperspectral sensors which are exorbitantly expensive and difficult to access 

for research purposes (Sibanda et al., 2017). This study preferred use of Sentinel-2 imagery 

over other freely available datasets such as Landsat Thematic Mapper imagery, because Senti-

nel-2 has a higher spectral and spatial resolutions, which are more suited for land cover assess-

ment purposes. Although a number of studies reported equal or similar performances between 

Sentinel-2 and Landsat 8 imagery products for land cover mapping studies when using the main 

visible and near-infrared bands, this study chose Sentinel-2 imagery on the basis of better pixel 

https://www.google.com/search?rlz=1C1CHZL_enZA889ZA889&q=European+Space+Agency&stick=H4sIAAAAAAAAAOPgE-LSz9U3MDFPt0zJUuIAsY1KzIy15DLKrfST83NyUpNLMvPz9FPLUvNKiq3yC1KLEkvyixaxirqWFgF5iXkKwQWJyakKjumpecmVO1gZAXzssIdTAAAA&sa=X&ved=2ahUKEwiC-IC7wMfpAhVYQhUIHaUpAsoQmxMoATAhegQICBAD
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resolution. The study by Forkuor et al. (2018) did report on a slightly better performance of all 

Sentinel-2 bands compared to Landsat 8 in classification using a number of machine learning 

algorithms. When compared to Landsat TM imagery, the Sentinel-2 imagery is only better as 

it has additional red-edge bands at wavelengths 704,1, 740,5 and 782,8 nm, which are useful 

for monitoring of green leafs and chlorophyll content in vegetation. For this study, only the 

visible and near infrared bands were used, without any one of the red-edge bands as the focus 

was solely placed on identification and discrimination of different land cover classes. For iden-

tification of vegetation changes, an index was considered, which utilized only the red band 

(B4) and the enhanced infrared band (B8A). With particular reference to our site, the object of 

interest i.e., the size of the chrome mine workings generally ranges between 5-30m thick, ren-

dering Sentinel-2 imagery better compared to Landsat imagery for identification of such fea-

tures due to its superior spatial resolution.  

4.4 Data acquisition  

Sentinel-2 images were used in this study to evaluate the impacts of chrome mining on the 

LCC and one of its advantages is that it has a reasonably short temporal resolution of 5 days, 

which is more suitable for continuous monitoring of vegetation health (Mashamba, 2017). Sen-

tinel-2 medium resolution imagery were downloaded from the ESA`s Sentinel-2’s Scientific 

Data Hub. Single date imagery was downloaded, each one (1) for the years 2016 and 2019. 

Winter (dry) season images were preferred, because cloud cover is usually very less during the 

winter season. Table 1 outlines information of the satellite imagery used in compilation of the 

study. 

4.5 Pre-processing 

Each image was subjected to a pre-processing procedure before any classification was con-

ducted. During pre-processing, the images were corrected, individually, using the Sen2Cor 

plugin installed in ESA`s SNAP software. Sen2Cor is a pre-processing plugin designed specif-

ically to correct and adjust Sentinel-2 Level 2A imagery datasets. It performs the atmospheric, 

terrain and cirrus correction of Top-Of-Atmosphere Level 1C input data (Chatziantoniou, et 

al., 2017). Upon processing, Sen2Cor creates Bottom-Of-Atmosphere (Level 2A), terrain and 

atmospherically corrected surface reflectance images. 



      

 

21 

 

The images were geo-coded using Shuttle Radar Topography Mission (SRTM) 30m DTM data 

to correct for topographic effects and projected onto the WGS84/UTM 35S system for the study 

area. Sentinel-2 bands in the visible and near infrared (NIR) range of the electromagnetic spec-

trum were preferred for this analysis (VNIR region bands). The bands have 10m and 20m res-

olutions respectively, see Table 1. Sentinel-2`s SWIR and TIR bands have larger pixel sizes, 

with a lower spatial resolution of 60m. These bands are usually resampled to 10m using one of 

the visible range band images, to ensure good spatial resolution of the merged multispectral 

datasets. Individual band images were merged into multilayer composites for each year (RGB 

432). Each pre-processed image was cropped to the margins of the study area for ease of ref-

erence and to ensure that processing efficiency is improved.  

4.6 Band selections 

Sentinel-2 has many bands in the VNIR and its main application is for vegetation mapping. 

MSI Sentinel-2 imagery has unique spectral bands and a higher signal to noise ratio which is 

particularly useful for environmental monitoring studies (Drusch et al., 2012). Image band se-

lections used for the current studies are described in the paragraphs below.  

4.6.1 RGB 

In this study, Sentinel-2’s natural colour image i.e., Red: band 4 (665 nm), Green: band 3 (560 

nm) and Blue: band 2 (460 nm) were used for the classification. The bands were then merged 

to form RGB composites used for selection of training data and to perform the classifications. 

4.6.2 NDVI 

The normalized difference vegetation index (NDVI) is a standard index used in remote sensing 

applications to assess the presence and condition of green vegetation in satellite imagery. 

“NDVI is measured using values derived from visible and near-infrared light reflected by veg-

etation. Healthy vegetation absorbs most of the visible light that fall on it and reflects a large 

portion of near-infrared light” (Earth Lab 2019, p. 1). NDVI was computed using the Red band 

4 (665 nm) and the enhanced infrared band 8A (865 nm). For this study, NDVI is chosen for 

its ability to describe the basic characteristics of a healthy or unhealthy vegetated patch of area. 

In this study NDVI was used as supplementary data, to highlight vegetation loss/bare soil 

changes in the locations where new chrome mining operations are established and for high-

lighting the change scenario during the assessment period. The value ranges for NDVI are from 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/spectral-band
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/signal-to-noise-ratios
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-1 to a maximum of 1. High NDVI values represents denser and greener vegetation while low 

NDVI values (below zero) represents less green or other coloured vegetation/dry leafs/rocky 

areas. A substantial change in the low NDVI values during the assessment period would indi-

cate the potential influence of human-induced changes, such as expansions of chrome mining 

operations which leads to heavy metal induced stress that reduces the leaf chlorophyll levels 

or general vegetation health. NDVI is also applied to reduce impacts of topographic effects and 

illumination when doing change detection analysis (Herrmann et al., 2005). For areas with 

expansions/growth in chrome mining operations, NDVI is expected to be very low, due to 

clearing of vegetation and heavy metal enrichment (Fe, Cr, Mn, Al, etc.) and an increase in 

exposed soils/rocks. The NDVI is calculated as follows: 

 

Where, RED = Red reflectance value (Band 4) and NIR = near infrared reflectance value (Band 

8).  

 

Table 1. Characteristics of the Sentinel-2 satellite imagery and bands used for this study. Table modified from 

ESA (2016). 

Sensor ID Path/Row Acquisition 

date 

Cloud 

(%) 

Band information 

Bands   Wave-

length 

(nm)   

Spatial 

resolution 

Sentinel-2A 169/77 2016/07/16 3% Blue (B2) 490  10 

Green (B3) 560  10 

Red (B4) 665  10 

NIR (B8A) 865  20 

Sentinel-2A 169/77 2019/07/01 1% Blue (B2) 490  10 

Green (B3) 560 10 

Red (B4) 665  10 

NIR (B8A) 865 20 
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4.7 Spectral characteristics of chrome mining 

Chromite ore extraction is usually conducted using open cast mining. After the ore is extracted, 

it is then crushed, transported and processed further. It is a heavy rock, which is dark gray to 

black in color with a metallic to submetallic luster (Enerjigrubu.blogspot.com, 2018). Chromite 

ore can be described using the chemical formula: (Fe,Mg)O. (Cr,Al,Fe)2O3. It contains within 

its composition an appreciable level of iron content, and oxygen. A good grade chromite ore 

has a Cr2O3 content within the range 42–60% (or higher) and its chromium-to-iron ratio is 

higher than that of its lower grade equivalent (Lee, 2001). The Cr/ Fe ratio in chromite ore is 

important as it determines the grade of the chrome ore. Lee (2001) notes that a typical high 

ratio chromite ore contains 47% Cr2O3 minimum, and its Cr/Fe ratio will be 3,0 minimum. This 

means that the chromite content is an important constituent of chrome ore, and also contributes 

as an important constituent of one of its spectral characteristics: colour/pigmentation. The iron 

content can also not be discounted for its contribution to the other spectral characteristics of 

the chrome ore.  

The chrome mining operations within this study exhibits the characteristics such as a distinct 

colour, size, soil pigmentation and a unique mineral composition, which renders it different 

from its surroundings. The size of the chrome mine workings generally ranges between 5-30m 

thick, depending on the methods of ore extraction and tools used. Most of the workings are 

open cast, with large mining machinery such as excavators used for ore extraction, whereas 

some are small where only small drilling equipment and hand tools are used for ore extraction, 

which results in a very thin linear stretch type of surface expression of the mine workings. 

Chrome mining operations exhibit a distinct thick-dark grey colour due to exposure of chrome 

ore stockpiles and a distinct liner trend, due to the nature of the surface operations, which are 

usually elongated along the length of the seam. Therefore, chrome mining operations can be 

easily detected from their surroundings. For LCC discrimination, the spectral reflectance char-

acteristics of different LCC classes obtained from ratio combinations of spatial and spectral 

resolutions is essential. Spectral reflectance characteristics of the chrome mining operations 

(Figure 5) was used to identify its ground signature within the area and those of other different 

land cover classes which are represented within the study area (Figure 6) are highlighted. Other 

mining operations do exist in the area, and among this is the platinum mine operations with 
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similar spectral characteristics as those of the chrome mining operations which in some in-

stances are in close proximity to the chrome workings. Since platinum mines extract and stock-

pile the chrome ore, there is a possibility of signal mixing and confusion with other chrome 

stockpiles from open pit chrome mining operations and some artisanal, illegal chrome mining 

activities. Figure 7 shows a chromite occurrence anomaly map of the study area, as computed 

using spectral characteristics of chromite ore from the study locality. 

 

Figure 5. A computed spectral reflectance curve for the chrome mining operations found 

around the Atok area in Sekhukhune District, Limpopo province. 
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Figure 6. Spectral reflectance curves from the study area showing different land cover types. 

Note the differences in reflectance characteristics of different classes such as Chrome mining 

(in Purple), Vegetation (in Green) and Gravel roads (in Orange) and the Sentinel-2 bands 

selectable for discrimination of those land cover classes. 

 

 

Figure 7. Chrome occurrence anomaly map of the study area, as computed from the USGS 

material type spectral library (USGS, 2019). This image offers an indication of the possible 

spatial distribution of chrome mining locations around the Atok area in Sekhukhune District, 

Limpopo Province, denoted by the blue outline. The red lining indicate the current workings 

as at 2016. 
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4.8 Field survey (Ground control points acquisition) 

Ground truthing is a crucial step in ensuring results confirmation of classification processes. 

For this study, ground truthing was conducted using a total of 438 (Test data points). The land 

cover classes were identified using aerial imagery on Google earth and confirmed during the 

field visit. The bulk of the test data were acquired using a handheld GPS within the study area 

during November 2019, with an additional few collected using aerial imagery (Figure 8). A 

minimum of 30 GPS waypoints was targeted for each of the training classes. Although rela-

tively good success was recorded in ensuring good coverage within each class, some land cover 

classes recorded low coverage of test data collection due to difficulties in accessing the sites or 

availability of roads. The same reference data was used for classification of both images. The 

amount of training points can be deemed adequate according to acceptable industry and aca-

demic standards for a classification study of this nature, given the dimensions of the area and 

number of land cover classes under assessment, to ensure reliability of the results (Lillesand et 

al., 2015; Forkuor et al., 2018). Each of the acquired waypoints was carefully selected, in order 

to develop a representative GCP file which included all selected training classes, for optimal 

validation of classification results.  

 



      

 

27 

 

 

Figure 8. Image showing locations where Ground Control Points (Test data) were acquired 

around the Atok area in Sekhukhune District, Limpopo province. 

 

4.9 Image classification 

Image classification involves partitioning features or pixels into different classes based on the 

similarity of their spectral signatures (Foody, 2002). Image classification involves selection of 

training classes, separating pixels into various categories (clusters), assigning signals and labels 

to the pixels and creation of ground control points to use for feature extraction from the training 

classes. There are two (2) broad techniques for classification of remote sensing data, namely: 

unsupervised and supervised classification.  

Unsupervised classification is carried out without prior knowledge of the reference data or 

collection of ground-truthing training dataset. Unsupervised classification involves use of an 

algorithm to separate groups of previously unknown pixels into different groups based on their 

spectral reflectance similarities. Therefore, the analyst decides how many clusters to create, 

and the selection of appropriate bands to use in performing the classification. Using this infor-

mation, the image classification program generates clusters. A number of image clustering al-

gorithms are in used for unsupervised classification, such as K-means, Mean-shift, ISODATA, 

etc.  
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Supervised classification involves separating data into training and testing datasets (Mather, 

2004). In supervised classification, the analyst identifies the training areas which are items of 

a homogeneous nature that represent identical features on ground surface (Dhakal,2012)  The 

target objects are the different surface cover types, which are grouped into different classes or 

training samples. “The selection of appropriate training areas is based on the analyst's famili-

arity with the geographical area and their knowledge of the actual surface cover types present 

in the image” (Dhakal 2012, p. 6). This gives the analyst control over categorisation of the 

selected classes. The training classes perform a task of distinguishing different land cover types 

on the earth`s surface within the study area. Generation of signatures to use for supervised 

classification is quite a tedious job, which also requires outmost accuracy to ensure that only 

the intended signal is picked. For the current study, care was applied to ensure that a clear 

discrimination of signatures is obtained, in order for the classification to generate accurate clas-

ses and minimize signal overlapping. 

This study used a pixel-based image classification approach, with which all pixels are consid-

ered as belonging to a specific land cover class. In pixel-based classification, the analysis is 

made using only the spectral information available for each pixel. Using this approach, the 

classification was run with the assumption that each pixel is homogenous and belongs to a 

single land cover class. However, based on the spatial resolution of the imagery, the accuracy 

of the classification could be degraded by spectral or pixel mixing between different classes or 

land cover types.  

Two supervised classification algorithms: The Maximum Likelihood Classifier (MLC) and 

Support Vector Machine (SVM) were used to quantify the changes in the land cover by iden-

tifying six spectrally different land cover classes (Table 2). 
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Table 2. Descriptions of major land cover classes used for the study and test data (GCPs) used for classification. 

  

4.9.1 Maximum Likelihood Classifier 

The maximum likelihood classifier (MLC) is parametric supervised classification algorithm 

widely used to classify pixels in Thematic Mapper (TM) imagery (Jia and Richards, 1994; 

Otukei and Blaschke, 2010). It uses a statistical estimation to derive a probability that a pixel 

will be assigned to a correct class in which it belongs.  

For this classification, training samples were selected based on a homogenous group of image 

pixels, to ensure the best separability. An independent subset of test data (ground control 

points) was used as training samples to measure the classification accuracy levels of the MLC 

and SVM algorithms. Once classification is completed, a selected optimal filter known as ma-

jority filter is applied to remove isolated pixels or noise from the outputs, to refine the results. 

Upon completion of the classification process, a confusion matrix is computed to measure the 

accuracy of the results. 

Class Name Description Number of reference 

(test) data points 

Vegetation All green vegetation (mixed), including large trees, 

shrubs, croplands, woodlands and broadleaf types of 

trees. 

99 

Dry areas Dry mountainous areas largely covered by rocks with 

very less vegetation.  

70 

Built-up All man-made infrastructure including residential 

units, roads, and large buildings.  

70 

Mines Mine property, including the plant, large machinery 

(large industrial structures) and mine dumps. 

68 

Chrome mining Linear and co-linear features representing open sur-

face mining operations for chrome ore extraction. 

52 

Bare and fallow All bare, fallow and exposed soils with little or no 

leafy vegetation.  

79 

Total  438 
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4.9.2 Support Vector Machine 

Support Vector Machine (SVM) is a supervised machine learning that identifies a hyper-plane 

that is able to distinguish the input dataset into a predefined discrete number of classes con-

sistent with training data (Rajah et al., 2019). Support vectors are data points that lie closest to 

the decision surface (or the hyperplane). The two support hyperplanes on the boundaries of 

hyperplane are called support vectors having the data points on their edges and are the ones 

that define the optimal hyperplane (Rajah et al., 2019). Its resistance to overfitting and its abil-

ity to handle even smaller samples regardless to their distribution, makes it superior over many 

other classifiers including the Random Forest algorithm.  

A number of studies have shown that SVM has high accuracy in image classifications, espe-

cially compared to MLC classifiers (Otukei and Blaschke, 2010; Deilmai et al., 2011, Bahari 

et al., 2014). The classification performance of the SVM depends on the selection of the ap-

propriate kernel type (Cavur et al., 2019). For this study a radial basis function kernel was 

selected, with a maximum of 500 samples per each land cover class used for training of the 

classifier. 

Creation of training samples (land cover classes) is based on the similarities of groups of image 

pixels, which ensures an improved level of class separability. Similar to the MLC classification, 

an independent set of test data (Ground control points) was applied to the training samples for 

assessing accuracy levels of the SVM classification. Once classification is completed, a se-

lected filter known as majority filter is applied to remove isolated pixels /noise from the out-

puts, in order to refine the results. Once final results are obtained, classification accuracies can 

be determined using a confusion matrix. 

4.10 Accuracy assessments 

An accuracy assessment is used to assess whether individual pixels are correctly grouped 

within the appropriate classes of the overall sampling zone (Roy et al., 2019). The accuracy 

assessment for this study was conducted using the training data (GPS points) acquired from the 

area for verification of individual land cover classes. Usually after the process of classification, 

images exhibit errors due to noise, weakness of classifiers and spectral confusion (Liu et al., 

2016). Other factors that may have an effect on the results accuracy may include landscape 
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spatial variation and short-term inter-seasonal climate variability. An LCC accuracy assess-

ment is conducted using statistical metrics which describes different levels of pixels accuracies 

within their classes. These metrics includes indicators known as the producer’s accuracy, user`s 

accuracy, overall accuracy and the kappa coefficient. These accuracy assessment indicators are 

measured using the following formulas: 

   

 

 

The kappa coefficient: 

The kappa coefficient (K) is used to evaluate agreement between the classification inputs and 

ground truth pixels (Mbiwa, 2018; Kraemer, 2014). A kappa value of 1 represents a state of 

perfect agreement between classification input entries whereas a value of 0 represents a state 

of no agreement. Kappa coefficient (K) is measured using the following formula:  

             

Where, r = number of rows and Xii= observations in row I and column i  

Xi+ and X+I = the marginal totals of row I and column I respectively  

N = total of observations. 

4.11 Classification error consideration and correction 

Classification results usually presents with errors, which are inherent in the results due to use 

of a particular sampling design and misclassification bias. Existence of classification errors in 

classifications results may result in a deviation between the classification results and the esti-

mated true areas of change on the ground. To correct for this, it is important to calculate error 

adjusted land area estimates, from the constructed confusion matrix and accuracy assessment 
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results, in order to derive accurate land cover change results. In this study, a stratified estimator 

is applied to determine the standard error which will be used to accurately determine the true 

proportions of areas of land cover changes from the classification results. This type of error 

adjustment was suggested by Olofsson et al. (2013) and used in a number of classification 

studies such as Lu et al. (2016) and Gómez (2016).The stratified estimator uses stratified ran-

dom sampling points, which are used to assess the classification results, to perform a calcula-

tion of the error adjusted estimates of the mapped area of land change. A total of 500 stratified 

random sample points were used to assess accuracy of the classification results from each clas-

sifier. The error adjustment is made to compensate for the bias attributable to map classification 

results when a normal systematic sampling design is considered. This is because the systematic 

sampling design usually results in an overestimation of the standard error (Wolter, 2007). 

Therefore, the stratified sample design is used to calculate for the correct estimate of the clas-

sification error. For this study, the error adjustment is calculated with consideration of the ac-

curacy assessment indicators, which are calculated from the confusion matrix computed for 

each of our classifiers i.e., MLC and SVM. The stratified estimator takes into account the omis-

sion error, which represents the reference pixels which were omitted from the correct class in 

a classified map. Omission error is calculated as follows: 

  

For a calculation of an unbiased error adjusted area estimates of a particular land cover class, 

stratified estimated values of the true proportion of the total area of the map is factored to 

eliminate the bias in the calculation of land cover areas, using this formula:  

 𝐴ₜₒₜ =  𝑊𝑖/𝐴𝑚. 𝑖 

And the area of a reference class is calculated as,  

Â𝑗 = 𝐴ₜₒₜ ∑ 𝑊𝑖
𝑋𝑖𝑗
𝑋𝑖

 

Where, 𝐴ₜₒₜ is the total mapped of the area study, Â is the area of a reference class, W is the 

proportion of the total area mapped in a class, I and j are the map categories (i =1,2,3…q) 
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represented by individual land cover classes. m denotes that it is a mapped area. X is the mar-

ginal total of inputs in a class.  Once area of a reference class is calculated, the estimated stand-

ard error of the estimated area proportion can be calculated using the following formula  

Ś (Ṗ𝑗) = √∑ 𝑊𝑖
2 ∗

𝑋𝑖/𝑋𝑖𝑗(𝑋𝑖𝑗/𝑋𝑖
)

(𝑋𝑖 − 1)

𝑞

𝑖=1

 

Once the standard error is calculated, the standard error of the error adjusted estimated area can 

then be calculated as: 

Ś = 𝐴ₜₒₜ ∗ Ś(Ṗ𝑖) 

In the above formulas, Ś is the stratified estimator, Ṗ is the proportion of the area within a class 

i or j. Once the stratified estimator is derived at a selected confidence level, and Ṗ is known, it 

can then be used to calculate the error adjusted class area sizes using the formula below.  

𝐴𝑖 = 𝐴ₜₒₜ ∗ Ṗ𝑖 

Once the error adjusted class area sizes are known, land cover change can be calculated based 

on individual class changes. 

4.12 Change vector analysis (CVA). 

Change vector analysis is a method which is used for detection of changes in multispectral data 

(Fraser et al., 2009). CVA is classified as one of most robust and thorough approaches for 

detection and in-depth characterization of radiometric change in multispectral remote sensing 

data (Johnson and Kasischke, 1998). It is used to highlight and identify spectral changes be-

tween two identical image scenes, which were acquired at different periods. CVA provides an 

output of the magnitude and direction of changes between the two images. Over the years, 

CVA has been widely applied in change detection studies for LULC/LCC mapping, vegetation 

monitoring and various other specialized remote sensing applications. For our study, a CVA 

was only conducted using NDVI images, to map the NDVI value changes at locations within 

the study area over the assessment period. The difference in NDVI values and the direction of 

changes were mapped to determine the local land cover change scenario.  Image differencing 

method was utilized for highlighting the NDVI change scenario over the assessment period.  
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5. CHAPTER FIVE: RESULTS 

Overall, land cover classification conducted during this study showed that spatial distribution 

of land cover classes was successfully mapped using both the MLC and SVM classifiers, with 

only the temporal feature changes extracted from Sentinel-2 imagery. Furthermore, the results 

showed that SVM classification is more accurate than MLC. 

5.1 Imagery classifications: 2016 and 2019 

The overall accuracy results are presented as stratified error adjusted values, based on the cal-

culation of stratified standard error as outlined in 4.11. Generally, the SVM classifier per-

formed slightly better than the MLC classifier. Overall producer`s accuracies for each image 

are summarized as averaged values based on data from both the MLC and SVM classifications. 

The MLC classifier achieved producer`s accuracies of 83% and 77% with kappa values of 0,77 

and 0,75 for the 2016 and 2019 images respectively, while the SVM classifier achieved pro-

ducer`s accuracies of 84% and 78% for 2016 and 2019 images respectively, with kappa values 

of 0,78 and 0,76. On the 2016 image classification, the MLC recorded  producer`s accuracies 

ranging between 84-94% for the chrome mining and bare soils land cover classes, similar to 

those obtained by the SVM classifier for the same classes (Table 3). On the 2019 image classi-

fication, both classifiers obtained accuracies above 80% for the chrome mining class, with con-

siderable differences shown for the bare soils class, where MLC obtained producer’s accuracy 

of 91% and whist SVM gave 94% (Table 4).  

The SVM classifier achieved user`s accuracies of 92%, 76% and 91% for vegetation, built-up 

and chrome mining classes respectively, compared to MLC`s 84%, 73% and 91% achieved for 

the same land cover classes from the 2016 image. In other instances, the MLC classifier did 

perform better on certain individual classes than the SVM classifier. For example, for the 2016 

image classification, the MLC showed user`s accuracies of 77% and 94% for built up, and bare 

and fallow land cover classes compared to those achieved by the SVM classifier (71% and 

93%, respectively).  

The resultant classified maps from the two algorithms (Figure 9) for both years indicates that 

dry areas (non-vegetated mountainous areas) were the most dominant land cover type around 

the Atok mine area. Vegetation is sparsely distributed throughout the study area, whereas 

chrome mining operations were mainly located in the south-western parts of the study area 
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with some isolated occurrences in the central parts. The classified maps also show the increases 

in spatial distribution of the chrome mining class (purple colour) between the years 2016-2019, 

mainly in the southeastern portion of the area.  

5.2 Accuracy Assessments 

The resultant classification maps produced higher producer`s accuracies for all classes except 

for dry areas and built-up classes. The vegetation class attained the highest producer’s accuracy 

averages of all classes at 100% for 2016 and 98% for 2019 classification maps. The dry areas 

class obtained producer`s accuracy average of 78% and 66%, while the built-up class obtained 

the lowest producer`s accuracy average of 77% and 63% for the 2016 and 2019 classifications, 

respectively. Three other classes, vegetation, chrome mining, bare and fallow class obtained 

producer`s accuracy averages that were more than 80% for the two classification maps. Dry 

areas class obtained an average of 76% producer`s accuracy while chrome mining class ob-

tained an average producer`s accuracy of 93% from the 2019 image. 
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Figure 9. Classification results for land cover mapping due to expansions of chrome mining operations within the Atok area in Sekhukhune Dis-

trict, Limpopo province. Note the increases in spatial distribution of the chrome mining class (in purple colour) during the 4-year assessment 

period. The 2016 images are at the top and the 2019 images at the bottom. a, Maximum likelihood classifier(MLC) results for 2016 Sentinel-2 

image, b, Maximum likelihood classifier(MLC) results for 2019 Sentinel-2 image, c, Support Vector Machine (SVM) classification results for 

2016 Sentinel-2 image, and  d, Support Vector Machine (SVM) classification results for 2019 Sentinel-2 image. 
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Table 3. Confusion matrix obtained from 2016 image of the Atok area in Sekhukhune District using Maximum Likelihood (Left) and Support Vector Machine 

(Right) classifiers. 

2016 MLC CONFUSION MATRIX 2016 SVM CONFUSION MATRIX 

  VGT DRA BTUP MNS CHRM 

BR

F TOTALS 

PA 

(%)   VGT DRA BTUP MNS CHRM BRF TOTALS 

PA 

(%) 

VGT 83 0 0 0 0 0 83 100% VGT 91 0 0 0 0 0 91 100% 

DRA 5 54 8 0 0 3 70 77% DRA 6 50 5 0 0 2 63 79% 

BTUP 1 15 51 8 5 2 82 62% BTUP 0 20 53 9 2 3 87 61% 

MNS 8 0 6 53 1 0 68 78% MNS 0 0 6 54 3 1 64 84% 

CHRM 2 0 0 4 49 0 55 89% CHRM 2 0 1 2 50 0 55 91% 

BRF 0 1 5 0 0 75 81 93% BRF 0 0 5 0 0 74 79 94% 

TOTALS 99 70 70 65 55 80 439   TOTALS 99 70 70 65 55 80 439   

UA (%) 84% 77% 73% 82% 89% 94%     UA (%) 92% 71% 76% 83% 91% 93%     
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Table 4. Confusion matrix obtained from 2019 image of the Atok area in Sekhukhune District using Maximum Likelihood (Left) and Support Vector 

Machine (Right) classifiers. 

2019 MLC CONFUSION MATRIX 2019 SVM CONFUSION MATRIX 

  VGT DRA BTUP MNS CHRM BRF TOTALS 

PA 

(%)   VGT DRA BTUP MNS CHRM BRF TOTALS 

PA 

(%) 

VGT 72 2 0 0 0 0 74 97% VGT 72 0 0 0 1 0 73 99% 

DRA 15 56 11 0 0 4 86 65% DRA 18 53 7 0 0 1 79 67% 

BTUP 0 12 48 11 3 3 77 62% BTUP 1 17 56 7 3 4 88 64% 

MNS 5 0 5 50 0 0 60 83% MNS 2 0 4 54 2 2 64 84% 

CHRM 6 0 0 4 52 0 62 84% CHRM 4 0 0 4 49 0 57 86% 

BRF 1 0 6 0 0 73 80 91% BRF 2 0 3 0 0 73 78 94% 

TOTALS 99 70 70 65 55 80 439   TOTALS 99 70 70 65 55 80 439   

UA (%) 73% 80% 69% 77% 95% 91%     UA (%) 73% 76% 80% 83% 89% 91%     
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5.3 NDVI results 

The NDVI results showed high values over the densely vegetated areas in the northwestern and 

the eastern portions of the area. Areas with extremely high NDVI values (shown in bright 

green) represents parts of the study area with considerable amounts of green and healthy leafy 

vegetation (Figure 10a, and b). The low vegetated or dry areas are represented in yellow or 

brown shading on both images. The low NDVI values are noted in the areas with a large num-

ber of man-made infrastructure such as residential/built up sites, mines and new chrome mining 

operations The 2019 NDVI image exhibits more areas with extremely low NDVI values than 

the 2016 image. This is indicated by the reddish-brown shading on in the southeastern tip of 

the map (Figure 11a, and b). Note the increase in surface area of the extreme low NDVI loca-

tions on the 2019 image. An image differencing method was used to determine the change 

scenario between the 2016 and 2019 NDVI results. Change Vector Analysis results (Figure 11) 

were able to highlight the change in exposed lands due development of new chrome mining 

operations in the southeastern portion of the study area, where most of the chrome mining 

activities occurs within the study area, including illegal and artisanal miner`s operation. 

 

Figure 10. The normalized difference vegetation index (NDVI) results used for land cover map-

ping due to expansions of chrome mining operations within the Atok area in Sekhukhune Dis-

trict, Limpopo province. a, The 2016 NDVI results image. b, The 2019 NDVI results image, 

note the increases in extreme low values (whitish-grey)  on regions where bare soil exposure 

is high, including mine dumps and new chrome mining operations, around the south-eastern 

corner of the image. 
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Figure 11. An extract of zoomed NDVI results used for land cover mapping due to expansions 

of chrome mining operations within the Atok area in Sekhukhune District, Limpopo province. 

a, shows an area of high NDVI change in extreme low NDVI values the 2016 image, shown by 

the reddish trace. b, shows an area of high NDVI change in extreme low NDVI values on the 

2019 image. Note the traces of low NDVI values following locations where newer chrome min-

ing operations are visible (light whitish-grey traces within the yellow outline). The 2016 image 

has fewer or shorter whitish-greyish traces (workings) than the 2019 image 

 

5.4 Quantification of land cover change 2016-2019  

The LCC results are presented herein as stratified error adjusted averaged values from the two 

classifiers. The results show that in 2016 there was on average 17,2% vegetation cover, but 

after four years vegetation cover has decreased to a 13.8% average (Table 5). Overall, vegeta-

tion cover has decreased by an average of 3,3%, which represents a decrease of 648,6 hectares 

over the study area during the four-year period. Of great significance to mention in this study, 

is that during the same period, chrome mining class increased from 2,3% average in 2016 to 

3,9% average in 2019. This represents an overall 1,6% average increase (Figure 12) which 

translates to an increase of 314,5 hectares over the four years period. This increase means that 

over 314.5 hectares of surface land has been converted from other land cover classes to new 

chrome mining operations than it was in 2016. Dry areas class also increased over the assess-

ment period, from a 46,1% average to a 50% average, which gives an overall growth of 3,9%, 

which translates to an increase of 766,5 hectares of newly exposed non-vegetated or bare lands. 

Bare and fallow class decreased from 19,5% to an 18.2% average during the assessment period. 
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Table 5 below details spatial distribution and area statistics of the six land cover classes and 

the land cover class transformations that occurred within the study area, as measured using 

changes in area coverage by an individual land cover class during the assessment period. 

Table 5. Distribution of land classes around the Atok mine area in terms of area sizes (hectares) and expressed as 

a percentage during the assessment period. 

                   Land cover 2016                      Land cover 2019 

Land Cover 

Class 
MLC 2016 SVM 2016 MLC 2019 SVM 2019 

  Area (ha) % of land Area (ha) % of land Area (ha) % of land Area (ha) % of land 

Vegetation 3680.1 18.7% 3103.8 15.8% 3023.3 15.4% 2415.4 12.3% 

Dry areas 9124.0 46.4% 8999.8 45.8% 9803.6 49.9% 9824.6 50.0% 

Built-up 2245.4 11.4% 3203.5 16.3% 2102.9 10.7% 2965.7 15.1% 

Mines 280.1 1.4% 155.8 0.8% 291.5 1.5% 214.2 1.1% 

Chrome mining 456.9 2.3% 450.6 2.3% 743.5 3.8% 784.2 4.0% 

Bare and fallow 3896.2 19.8% 3752.4 19.1% 3691.5 18.8% 3478.6 17.7% 

Totals 19653.2 100.0% 19653.2 100.0% 19653.1 100.0% 19653.2 100.0% 

 

 

Figure 12. Percentage area change of the land cover classes during the period 2016-2019 

within the Atok area in Sekhukhune District, Limpopo province. There has been a decrease in 

vegetation, built-up, bare and fallow classes, while the dry areas and chrome mining classes 

experienced gains during the 4 year period under assessment. 
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6. CHAPTER SIX: DISCUSSION 

6.1 Analysis of study results  

The main aim of the study were to make use of MLC and SVM supervised classification tech-

niques, to identify and quantify land cover change that occurred in the Atok area due to expan-

sion of chrome mining activities over a period of four years. The two classification algorithms 

used successfully identified and quantified areas of major land cover changes as affected by an 

increase in spatial distribution of surface mining operations. Both algorithms produced satis-

factory results although the SVM classifier performed better than the MLC algorithm. The 

overall accuracy differences were marginal, with 1,5% obtained for the 2016 image and 1% 

performance difference obtained for the 2019 image classification results. 

6.2 Analysis of accuracy assessments 

In general, satisfactory overall classification accuracies (between 80-85%) were obtained for 

both the 2016 and 2019 images. The highest overall accuracy was recorded on the 2016 image 

classification using the SVM classifier (84,5%) and the lowest recorded overall accuracy (81 

%) was obtained on the 2019 using MLC. As evidenced in LCC or LULC studies such as those 

conducted by Forkuor et al. (2018) and Waylen et al. (2014), overall classification accuracies 

around 60-80% can be considered acceptable for areas of extreme complexity where high lev-

els of signal mixing and confusions were expected, as was the case in this study.  

Classification results also showed some spectral confusion and pixel mix-ups, particularly be-

tween the dry areas and the bare and fallow classes. Most of the spectral confusion between 

the two classes was due to similarities in spectral signatures of the two classes and a lack of 

uniformity in surface expression of bare soils within the area. As a result of the spectral confu-

sion, these two classes produced the lowest averages of producer`s accuracies from the two 

classifiers, with dry areas class obtaining 78% and 66% while the bare and fallow class ob-

tained 61,5% and 63% for the 2016 and 2019 images respectively. Some of the spectral confu-

sion was mapped to come from chrome mining class, due to chrome ore residue contamination 

in the soils of the areas near the mining operations, which also affected the bare and fallow 

class. The chrome ore contamination was found to happen due to chrome ore stockpiling within 

some villages, spillages, during transportation, or as a result of artisanal and illegal mining 

activities, while some were due to storage of chrome ore residue in large PGM mine tailings 

dams. The two classifiers managed to separate man-made infrastructure such as residential 
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units and mine infrastructure from the other land cover types such as chrome mining operations 

and dry areas effectively.  

Overall, the results obtained in this study are consistent with those found in literature. For in-

stance, the overall accuracies obtained for the SVM algorithm in this study are similar to those 

archived in the study by Jiang et al. (2011), which analyzed the potential of SVM, ANN and 

decision tress for mapping the change in forest cover within the Guangdong Province of China. 

Their classifications achieved overall accuracies above 88% for the SVM classifier, as well as 

the ANN and decisions trees. In a study similar to the current one, Deilmai et al. (2011) con-

ducted a study focusing on land cover change classification and monitoring of land use 

changes, where they compared classification results from the SVM and MLC algorithms. Their 

results showed that SVM produced slightly better results than MLC, with an overall accuracy 

of 91,67% and a kappa coefficient of 0.86 for SVM and 78,33% with a kappa coefficient of 

0,65 for the MLC.  

6.3 NDVI analysis of results 

Change Vector Analysis (CVA) results indicated a positive change in NDVI results for the 

2016 to 2019 images. Image differencing method identified the changes NDVI values on spe-

cific locations, which helped in highlighting growth in the chrome mining operations around 

the area and corresponded well with land cover change scenarios as mapped using the two 

classification algorithms. There were distinct changes in the low NDVI values (≤ -0,1) over 

areas where new mining operations exists, and subtle changes in the high NDVI values (≥ 0,1) 

over the highly vegetated areas of the north-western portion of the area. Trend analysis on the 

NDVI images clearly indicate a continuity in the extreme low NDVI values (-0,1 to -1) over 

areas where expansions of chrome mining operations exists and new exposures of bare 

soils/non-vegetated areas. Overall, the NDVI results managed to highlight areas of vegetation 

loss/bare soil changes within the whole of the study area.  

6.4  Impacts on local land cover change 

Generally, mining activities impact do affect the local environments severely (Kumi-Boateng 

et al., 2012).  The size and type of operations ran usually determines the levels of environmental 

impacts created by the mine. Open cast mining in particular results in significant pollution of 

local environments and usually leads to severe degradation of the ecological and aesthetic qual-

ity of a landscape. Disruption of the surface due to mining works severely affects soils, plants, 
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animals, local water channels and small living organisms, thereby influencing all types of land 

use (Özyavuz, 2013). Quantification and analysis of Land cover change (LCC) is important for 

evaluating impacts of mining on landscape degradation and local environmental pollution 

around rural settlements. As evidenced in the study Petit et al. (2001) Land cover change(LCC) 

studies can be used useful in determining the direction of major changes and spatio-temporal 

patterns of change, quantifying percentages of areas affected and rates of change, map-

ping/quantification of impacts on natural vegetation and prediction of future spatial distribu-

tions in land-cover. Results from this study show that the land cover changes mapped within 

the study area are two dimensional: (1) quantitative changes in area occupied by each land 

cover class, (which are recorded as losses or gains per class) and (2) the spatial transformations 

of land cover classes/types. 

 

The analysis of the change statistics from the two classification outputs indicate that some land 

cover classes increased over the assessment period while others shrank. In particular, increases 

were observed for chrome mines, and dry areas, whereas the surface areas occupied by vege-

tation, bare and fallow areas decreased. The losses in percentage cover by vegetation means a 

considerable number of trees were cleared to make way for the new mining operations. The 

moderate increase in dry areas class is a result of new exposures via stripping and open cast 

mining in the new chrome mining operations. Similar occurrence was experienced in the study 

by Ololade et al. (2008). This shows that some of the newer chrome mining operations have 

been developed on lands previously classified as bare and fallow. These land cover transfor-

mations may have severe impacts on soil erosion (Matsika, 2007 and Ngcofe et al., 2019), soil 

contamination and hydrological processes such as seepage or run-off (Cao et al., 2009 and 

Gordon et al., 2005), water quality, the sustainability of the local environment (Lupo et al., 

2001) and a may lead to major alterations in local ecological dynamics. 

  

A good agreement between the gains recorded by chrome mining class, dry areas class and the 

losses incurred by the vegetation class is observed, solidifying the reliability of temporal land 

cover change mapping as a good indicator for understanding the intra-relationships between 

transformed land cover classes within an environment. As stated before, some of the chrome 

mining operations within the study area are conducted by small-scale and illegal miners. Sim-

ilarly, Tom-Dery et al. (2012) found that activities of artisanal miners in Ghana had a capacity 

to severely affect the numbers of shrubs and tree species through illegal clearing of vegetation, 
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thereby impacting on the local plant diversity in an area. These land cover changes could also 

be used for prediction of possible future footprints of chrome mining expansions in the area. It 

would be important for authorities to ensure that once extraction of the chrome ore resources 

is over, mining companies are held liable to make sure that restoration and reclamation of the 

altered landscape is conducted.   
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7. CHAPTER SEVEN: CONCLUSIONS 

The main findings of this study are that both the maximum likelihood classifier and support 

vector machines classifiers managed to successfully map and quantify land cover changes due 

to expansions of chrome mining operations over the four-year assessment period. Sentinel-2 

imagery has proven to be adequate for land cover change due to chrome mining operations, 

indicating its impacts on the natural vegetation at the environment around the study area. Re-

sults from this study highlighted the progressive expansion of the chrome mining operations in 

the area, including operations conducted by small-scale miners as well as areas where chrome 

mining is suspected to be conducted illegally. Classification results exhibited the variation in 

spatial distribution of land cover types within the area, their diversity and the intra-class trans-

formations that occurred over the assessment period. Using the results statistics, it became pos-

sible to identify areas of rapid change and evaluate the current conditions and the quantities of 

different land cover types within the area. This measurement offers a better understanding of 

the change dynamics, development trends and possible future impacts. More importantly, the 

study managed to highlight the effect which chrome mining operations has on other land cover 

classes within the study area, as well as highlighting the environmental impacts thereof. Some 

of the main study findings includes: 

 Overall, the use of Sentinel-2 imagery coupled with other ancillary data proved to be 

useful for identification and quantification of land cover change (LCC) within the 

Atok area over the period 2016-2019 

 Comparison of MLC and SVM classification algorithms showed that the SVM classi-

fier slightly outperformed the MLC by a margin of 1% for both the 2016 and the 2019 

images. 

 The MLC classifier achieved 83% and 80% stratified error adjusted overall accuracies 

with kappa values of 0,77 and 0,75 for the 2016 and 2019 images respectively, while 

the SVM classifier achieved stratified error adjusted overall accuracies of 84% and 

78% for 2016 and 2019 images respectively, with kappa values of 0,78 and 0,76.  

 Classification results highlighted a substantial decreases in the total area coverage of 

green vegetation, shrubs, and woodlands, especially in the mountainous areas, which 

is attributed to an increase in the total area coverage of bare soils and  expansions of 

chrome mining operations during the measured four (4) year period 
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 Chrome mining class accounted for approximately 2,3% of land cover in the year 

2016, and now constitutes a 3,9% of the land cover within the study area in 2019.  

 Over 314,5 hectares of surface land within the study area has been transformed from 

other land cover classes to new chrome mining operations during the period 2016- 

2019. 

 There has also been a transformation of about 766,5 hectares to newly exposed dry 

areas within the Atok area during the assessment period.  

 This study shows a clear growth trend in development of chrome mining operations in 

the area, which is expected to continue into the near future.  

 The major transformations in land cover recorded over the four (4) year period has 

contributed to a decrease in landscape quality, decrease in vegetation growth and an 

increase in the levels of landscape deterioration and overall environmental pollution 

within the study area. 

 

The inclusion of the vegetation index (NDVI) provided additional information useful for the 

discrimination between green vegetated slopes and dry areas. NDVI results contributed to high-

lighting of new areas of dry soil exposures, which are attributable to development of new 

chrome mining operations. NDVI also proved to be a sufficient indicator of distribution for 

both presence and the depletion of green leafy vegetation over the landscape, which was found 

to be severely impacted by clearing of trees, for development of new mining sites. Use of 

ground control points provided important test data for use in evaluation of land cover changes 

over the area. The use of combined results of MLC and SVM classification algorithms, as well 

as NDVI data has proved useful for mapping of the chrome mining development around the 

Atok area, and offers insights into future prospects for environmental monitoring of impacts 

from the mining operations on the landscape and local ecosystems. 
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