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ABSTRACT 

The escalating human-elephant conflict (HEC) in countries like Sri Lanka 

demands urgent attention due to several factors: rapid population growth, agricultural 

expansion, infrastructure development, and climate change impacts. From 2010 to 

2022, human and elephant deaths have doubled, resulting in 1,208 human and 3,771 

elephant fatalities. Globally, Sri Lanka ranked second in annual human deaths and 

had the highest per capita death rate from HEC between 2006 and 2021. This study 

aims to identify high-risk HEC zones through a comprehensive analysis to monitor 

changes in greenery utilising satellite remote sensing and GIS techniques. The study 

analysed multi-seasonal land cover and land use (LCLU) changes utilising Sentinel-2 

satellite data. These were correlated with recorded HEC incidents to identify potential 

high-risk zones. The study relied on random forest (RF), support vector machine 

(SVM), and object-based image analysis methods for LCLU classification, conducted 

in two forest-dominated regions of southeast Sri Lanka from 2021 to 2022. According 

to the findings, the RF and SVM methods have higher accuracy. The overall accuracy 

of the classification was 97.31 and 94.62, and kappa was 0.95 and 0.90 for RF and 

SVM, respectively. Therefore, these two methods were selected for analysis in this 

study. Monthly greenery changes were further quantified using normalised difference 

vegetation index (NDVI) analysis and NDVI values derived from moderate-resolution 

imaging spectrometer data, identifying suitable regions where elephants forage 

frequently. Furthermore, using kernel density estimation, the study identified high-

density areas for reported incidents of human and elephant deaths. This process 

involved assigning weight to conflict incidents within a 5 km radius, considering the 

proximity to the forest, and evaluating greenery changes using NDVI values. This 

revealed varying levels of HEC risk, ranging from very high to low. The LCLU map, 

created using the RF classifier, indicates that all identified hotspots for very high and 

high HEC risks are closely aligned with forest boundaries. The findings support HEC 

mitigation strategies through community awareness, HEC hotspots mapping and 

restoration practices to ensure a sustainable human-elephant coexistence. This 

method will help policymakers in wildlife conservation to identify high-risk HEC zones 

and support HEC mitigation. In conclusion, this study highlights the potential of 

integrating remote sensing and GIS techniques in demarcating HEC hotspots in Sri 

Lanka to support conflict mitigation efforts.  
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CHAPTER 1: INTRODUCTION 

1.1 Background of the study 

Human-elephant conflict (HEC) poses a significant challenge to conservation 

and socio-economic stability (Billah et al., 2021; Thakur et al., 2016). Despite several 

efforts to address this problem, it remains unresolved, particularly in Africa and Asia 

(Shaffer et al., 2019), home to most of the world's elephant population (Gubbi et al., 

2014). HEC encompasses a complicated socio-ecological challenge (Sanare et al., 

2022) and ethical considerations (Velempini, 2021).  

The longstanding interaction between elephants and humans is complicated 

due to several factors: the rapid growth of the human population (Ogutu et al., 2014), 

land conversion for agricultural expansion, infrastructure development (Billah et al., 

2021), and climate changes (Shaffer et al., 2019). This situation particularly affects 

areas where human settlements and elephant habitats overlap (Kamau & Sluyter, 

2018; Locke, 2013; Thekaekara, 2019) in rural and semi-urban areas (Anuradha et 

al., 2019; Fernando et al., 2005). The consequences of HEC include human injuries, 

deaths (Kuswanda et al., 2022), retaliatory killings of elephants (Munyao et al., 2020), 

crop raiding, property damage (Nyirenda et al., 2018) and poaching elephants for ivory 

(Gunawansa et al., 2023; Shaffer et al., 2019).  

In Sri Lanka, specific potential causes and contexts contribute to HEC: changes 

in land cover and land use (LCLU) patterns, habitat loss (Tennakoon et al., 2015), and 

competition for resources (Köpke et al., 2021; Perera, 2009; Perera et al., 2012). Due 

to the high mortality rates of the Sri Lankan elephant, the International Union for 

Conservation of Nature (IUCN) has listed the Sri Lankan elephant (Elephas maximus 

maximus) on the Red List of Threatened Species (Rathnayake et al., 2022). 

The country's forest cover was 1,624,757.5 ha in 1992, and in 2019, it was 

1,377,799.1 ha. During these 27 years, the forest cover of Sri Lanka's land area 

decreased from 24.8 percent to 21 percent (Ranagalage et al., 2020). This forest cover 

loss is due to urbanisation (Fernando & Pastorini, 2011), agricultural expansion 

(Fernando & Edussuriya, 2016), fire, fuelwood gathering, invasive species, and 

climate changes (Samarasinghe et al., 2022), all of which exacerbate the HEC issue. 

With limited space on the island for feeding and migration, elephants and humans 

increasingly compete for natural resources, intensifying the conflict (Perera & Tateishi, 

2012). An elephant's home range varies from 50 to 150 km2 according to food 

availability and habitat type (Gunawansa et al., 2023). 
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Population growth and agricultural expansion have caused tremendous 

pressure on land use (Fernando et al., 2021; Köpke et al., 2021; Perera & Tateishi, 

2012). Figure 1-1 illustrates the rural and total population trends in Sri Lanka from 

1960 to 2022 (The World Bank Group, 2023b). This figure shows the rural population 

has expanded dramatically from 8.25 million in 1960 to 17.8 million in 2020 due to the 

growth of the human population and the improvement of the country's free healthcare 

system (The World Bank Group, 2021).  

 

 

Figure 1-1: Rural and total populations of Sri Lanka from 1960 to 2022 (The World 

Bank Group, 2023a). 

 

Elephants and humans rely on natural resources such as water and vegetation 

(Santiapillai et al., 2010). Consequently, the depletion of these resources leads 

elephants to encroach into human settlements (Gunawansa et al., 2023; Russ, 2019), 

increasing the competition for water and food (Fernando, 2015). As a result, elephants 

destroy vast fields of crops, leading to enormous financial losses for farmers in a short 

period (De Silva & Srinivasan, 2019). This pressure on resources contributes to the 

economic impact of HEC (Köpke et al., 2023), especially in agriculture-dependent rural 

communities. During the crop-raiding season, farmers and their families are compelled 

to protect their crops and property, resulting in sleep deprivation, fatigue, limited work 

opportunities, increased exposure to infectious diseases, and psychological stress 

(Anuradha et al., 2019; Parker et al., 2007). Such indirect costs are traditionally 
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challenging to assess and do not easily transfer into economic value (Gunawansa et 

al., 2023). 

Traditional management approaches such as general fencing, trenches, 

acoustic measures, lights, agricultural deterrents, elephant watch towers, and beehive 

fences (Fernando et al., 2008) have proven reactive and localised. The Sri Lankan 

government also initiated electric fences, translocation, and the establishment of 

elephant corridors (Madhushanka & Ranawana, 2021). However, the durability and 

effectiveness of these approaches vary, emphasising the need for more intelligent and 

dynamic management techniques. 

Understanding the changing dynamics of elephant habitats, identifying HEC 

hotspots using accurate forest cover maps, and implementing effective mitigation 

strategies are essential to addressing the HEC issue in Sri Lanka. The urgent need 

for intelligent and dynamic management techniques is evident in the variability of the 

effectiveness of existing approaches.  

 

1.2 Statement of the problem 

Sri Lanka is a tropical island in the Indian Ocean with a total land area of 65,525 

km2 located between latitudes 5º 55' and 9º 51' and longitudes 79º 52' and 81º 51' 

(Wijesundara et al., 2023). With the third highest human population density among the 

13 Asian elephant range countries (Cabral de Mel et al., 2023), after Bangladesh 

(Montez, 2021) and India (Fernando & Pastorini, 2011), Sri Lanka has witnessed a 

significant rise in HEC incidents over the past 15 years. The severity of the conflict is 

underscored by the country's global position of second-highest in annual human 

deaths and highest in per capita human deaths from HEC (Prakash et al., 2020; 

Rathnayake et al., 2022). 

The Department of Wildlife Conservation (DWC) reported alarming statistics, 

indicating only 142 tuskers in Sri Lanka's forests in 2011 (Köpke et al., 2021; The 

Department of Wildlife, 2023). Sri Lanka has 10-20 percent of Asian elephants in their 

natural habitat while accounting for only around two percent of their global range 

(Fernando et al., 2011; Perera, 2009). Figure 1-2 presents the numbers of deaths of 

humans and elephants from 2010 to 2019 due to HEC and indicates how the severity 

of the conflict has continued. 



 

4 

 

Figure 1-2: Human and elephant deaths in Sri Lanka from 2010 to 2022 (DWC). 

 

Furthermore, HEC data revealed 18,409 incidents from 2015 to 2022. Property 

damage has increased by over 238 percent since 2015, accounting for a significant 

portion of the 14,145 listed property damage events due to HEC. Human injuries are 

also frequent, with 801 documented incidents (DWC). 

The distribution of HEC incidents across Divisional Secretariats (DS) divisions 

highlights the conflict's prevalence in the dry zone, with human deaths reported in 112 

DS divisions and elephant deaths in 131 DS divisions (Figure 1-3). Most damage to 

property occurred in Polonnaruwa (797 events) and Anuradhapura (689 events), while 

for human injuries, 60 cases were reported in Anuradhapura and 28 in Batticaloa, 

emphasising the urgent need to identify high-risk zones accurately. 
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Figure 1-3: Distribution of human and elephant deaths across districts with DS 

divisions from 2010 to 2022 (DWC). 

 

Hundreds of elephants are killed annually as a result of intentional or 

unintentional human actions that are caused directly or indirectly by HEC (Cabral de 

Mel et al., 2023). In 2022, elephant deaths occurred for various reasons, including ten 

falling into agricultural wells, abandoned quarries, or gem pits, 14 due to train 

accidents, and 51 from electrocutions through contact with low-lying electric power 

lines or lethal electric fences, according to the DWC. Furthermore, 60 elephants were 

intentionally killed, and another 59 were shot using explosives such as hakka patas 

(DWC, 2022b).  

Efforts to mitigate HEC include using elephant thunder crackers, constructing 

electric fences, and translocating problematic elephants. Between 2010 and 2018, the 

DWC built 2,402 km of new electric fences. Figure 1-4 shows wild elephants next to 

the electric fence in Bulugolla village, Central Province, Sri Lanka. In 2018, DWC spent 

US$ 1.068 million on selected HEC mitigation activities such as elephant thunder 

crackers, compensation, capture and translocation, and elephant drives (Prakash et 

al., 2020). In addition, in 2022, the government was required to pay US$ 342,159.86 
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for 160 human deaths, US$ 39,042.83 for 192 cases of human injuries and US$ 

684,013.87 for 2,741 incidents of property damage. The financial burden on the 

government for compensation and mitigation activities further underscores the 

urgency of effective HEC management (DWC, 2022a). 

In this study, remote sensing and geographic information system (GIS) 

technologies were used to address this complex issue by identifying HEC hotspots. A 

multidisciplinary approach incorporates machine learning algorithms to analyse spatial 

and temporal data, considering three key factors: HEC incidents, LCLU patterns, and 

rainfall data. This study aims to develop a method to identify high-risk zones accurately 

for mitigating HEC in Sri Lanka and globally by addressing this critical issue. 

High-resolution satellite imagery is required to capture detailed LCLU patterns. 

Sentinel-2 higher spatial resolution is necessary for detailed analysis of specific areas, 

such as Southeast Sri Lanka. This allows for accurate mapping of LCLU of large-scale 

features. MODIS data provides comprehensive coverage, making it suitable for 

regional analysis. RF classification method is selected due to its high accuracy, 

especially when dealing with complex and heterogeneous data. 

 

 

Figure 1-4: Wild elephants beside the electric fence in Bulugolla village, Central 

Province, Sri Lanka. (Source:Bhammar, 2017)  

 

 

The following research questions are addressed: 
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a) Is there critical land pressure in Sri Lanka to accommodate its human and 

elephant populations? 

b) Is the HEC a significant environmental issue in Sri Lanka? 

c) What is the suitable forest area size for elephant habitat in Sri Lanka? 

d) How can an accurate forest map of the study area be produced by excluding 

thick vegetation in villages? 

e) Using satellite data, is it possible to identify dynamics in vegetation greenery 

with high temporal resolution (weekly)? 

f) Can GIS and satellite remote sensing technologies be applied to identify local 

movement patterns of wild elephants and HEC hotspots? 

 

1.3 Significance of the study 

The need for effective measures to mitigate the impact of HEC on human 

communities and elephant populations has reached a critical juncture. Despite 

implementing specific mitigation measures, there is an absence of standardised 

frameworks in the field. This study addresses this critical gap by developing a 

standardised framework for monitoring and predicting high-risk HEC hotspots using 

remote sensing and GIS techniques. Applying these methods will enhance precision 

in identifying areas prone to HEC, enabling more effective mitigation strategies and 

fostering a safer coexistence between humans and elephants in the region. 

The system for forest map development significantly contributes to HEC 

management by identifying and predicting HEC hotspots. By identifying high-risk 

zones through GIS and satellite data fusion, the study provides a pathway to more 

effective, informed, and comprehensive conservation strategies. Moreover, this 

system is proved to be accurate and cost-effective. The same methodology can thus 

be extended to monitor various forest covers. The technology's capacity to monitor 

different forest types means it is adaptable and has the potential for effective 

application across different HEC zones, with adjustments tailored to local conditions 

and needs. The proposed method can be used in all HEC zones throughout Sri Lanka 

and various global regions experiencing similar challenges. 

 

1.4 Research aim and objectives 

The research presented in this thesis, based on the research questions, uses a 

satellite data fusion approach with GIS modelling to identify HEC risk zones in Sri 

Lanka. More specifically, the research objectives are to: 
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a) Assess the impact of ever-increasing human and elephant populations on HEC. 

This objective was fulfilled by writing a review paper titled "The human-elephant 

conflict in Sri Lanka: history and present status". The article has been 

published in the Journal of Biodiversity and Conservation (Vol. 32, pages 

3025-3052). 

b) Develop an accurate forest map through the fusion of high-resolution Sentinel 

+ MODIS (Moderate-resolution imaging spectrometer) + Google Earth and GIS 

data. This objective was achieved with journal papers "Application of Sentinel-

2 satellite data to map forest cover in Southeast Sri Lanka through the random 

forest classifier" and "Greenery change and its impact on human-elephant 

conflict in Sri Lanka: a model-based assessment using Sentinel-2 imagery". 

The articles have been published in the Journal of Advances in 

Engineering (Vol. 1, pages 049-1 to 049-10) and the Technology and 

International Journal of Remote Sensing (Vol. 44, pages 5121-5146). 

c) Map elephant habitat-friendly forest areas using GIS and satellite RS. This 

objective was achieved with the journal paper "Identifying human-elephant 

conflict hotspots through satellite remote sensing and GIS to support conflict 

mitigation." The articles were published in the Journal of Remote Sensing 

Applications: Society and Environment (Vol 35). 

d) Map the HEC hotspots and patterns of elephant movements using GIS and 

satellite RS. This objective was similarly achieved with the same journal paper, 

"Identifying human-elephant conflict hotspots through satellite remote sensing 

and GIS to support conflict mitigation" The articles have been published in 

the Journal of Remote Sensing Applications: Society and Environment 

(Vol 35). 

 

1.5 Scope and limitations of the study 

a) The scope of the study is to establish HEC risk spots and link research findings 

to issue possible warnings of upcoming HEC hotspots. 

b) To achieve this scope, the researcher produced a highly accurate forest cover 

map and monitored dynamic changes in forest greenery, linking it with local 

weather data. 

c) As part of this scope, the researcher identified elephant movements according 

to changing conditions in feeding grounds. 
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Limitations: At this stage, there is a lack of sufficient ground-level information 

on elephant movements, and difficulties exist in observing elephant behavioural 

changes, although green cover is available, and the movement of the elephants is 

affected by electric fences. Implementing data analysis steps may identify further 

limitations related to the study's scope. 

 

1.6 Organisation of the thesis 

The following chapters in this thesis are papers demarcating HEC high-risk 

zones in Sri Lanka using a satellite data fusion approach and GIS. The thesis is 

presented as a series of chapters in research papers. Three have been published in 

peer-reviewed journals. A final paper is currently under submission. The thesis 

comprises four research papers that collectively address the four research objectives. 

These four research papers constitute the core of the thesis and are included in 

Chapters 3–6. More specifically, the thesis has been organised into seven chapters. 

  

Chapter 1 presents the introduction, background, statement of the research 

problem, the study's aim and objectives, the significance of the research, and 

the thesis structure. 

Chapter 2 is a review of the literature relevant to the research topic. The first 

section is a systematic review of the published literature on HEC and mitigation 

measures used worldwide. The second section deals with existing spectral 

sensing technologies and data analysis algorithms. It includes the LCLU of 

highlights of the study area and methods for the classification of Sentinel-2 

satellite data. An emphasis is placed on detecting greenery change, specifically 

using satellite data and machine learning -based analysis.  

Chapter 3 presents an article published in the Journal of Biodiversity and 

Conservation. It is devoted to the history and present status of HEC in Sri 

Lanka. It outlines the range and ecology of elephant species, the causes and 

consequences of HEC, the status of HEC in Sri Lanka, economic losses due to 

HEC, and conflict prevention and mitigation strategies, especially highlighting 

the traditional methods people use to mitigate HEC.  

Chapter 4 comprises an article published in the Journal of Advances in 

Engineering and Technology. It outlines Sentinel-2 data collection, processing, 

and classification using RF and vegetation monitoring with an NDVI.   
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Chapter 5 consists of an article published in the International Journal of Remote 

Sensing. It briefly describes the study area and the general methods used for 

this research: evaluation of the Sentinel-2 satellite data, HEC data acquisition, 

satellite data classification schemes and classification systems and an 

evaluation of the method's accuracy. 

Chapter 6 presents a manuscript published in the Journal of Remote Sensing 

Applications: Society and Environment. It outlines the evaluation of greenery 

changes and LCLU patterns, identifying HEC hotspots and correlating greenery 

changes with conflict incidents. 

Chapter 7 constitutes a discussion of the conclusions drawn from each previous 

chapter. It includes remarks, limitations, and recommendations for future 

research in this domain. It also offers further discussion on the conclusions 

made in Chapters 3-6. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER 2: LITERATURE REVIEW 

2.1 Human-elephant conflict and its severity  

Wild elephants are distributed in 50 countries worldwide, including 13 in Asia 

and 37 in Africa (Perera, 2009). The current population of wild Asian elephants 

(Elephas maximus) is estimated to range from 35,000 to 50,000, with approximately 

16,000 in captivity (de Nazareth & Nagarathinam, 2012). A concerning trend has been 
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observed across all Asian range states: a significant decrease in wild elephants, 

mainly due to human-related factors (Bai et al., 2022; Morley, 2007; Sitati et al., 2003).  

The rapid increase in human populations in Asia and Africa has led to 

expanding cities and extending agricultural fields (Meyer & Turner, 1992; Yang et al., 

2022), encroaching on wildlife areas and impacting traditional elephant habitats 

(Breuer et al., 2016; Köpke et al., 2021). This has reduced elephant habitat, degraded 

forage, and decreased landscape connectivity (Shaffer et al., 2019).  

HEC encompasses various negative physical interactions between humans 

and elephants (Mumby & Plotnik, 2018), resulting in crop damage, injuries and deaths 

(Enukwa, 2017; Naha et al., 2020). The associated perceptions and fear exacerbate 

the conflict, posing direct interactions and making mitigation a challenge (Dickman, 

2010; Mumby & Plotnik, 2018).  

HEC has become a major concern in conservation biology worldwide and 

requires immediate attention (Zafir & Magintan, 2016). Within the 13 elephant range 

countries, almost two-thirds of the habitat suitable for elephants has declined within 

300 to 500 years (de Silva et al., 2023). Such negative interactions pose significant 

conservation and social challenges, food insecurity, emotional distress, and restricted 

mobility in affected human communities (Fernando et al., 2023).  

Elephants, being long-living animals, depend on food, water, and social and 

reproductive partners for survival (Fritz, 2017; Poole & Granli, 2009). Reduced access 

to food during the dry season leads elephants to venture into villages for food, 

particularly crops such as rice and other upland crops (Fernando et al., 2021; Jackson 

et al., 2008). The affected village people react by harming or killing the elephants 

(Billah et al., 2021), particularly in communities and villages adjacent to the natural 

habitats of the elephants (Mekonen, 2020).  

HEC is unavoidable in areas with a significant elephant population and limited 

land resources for habitats and villagers (Griffin, 2015). Addressing this complex 

challenge is required for the well-being of both wildlife and humans (Behera et al., 

2020; Goswami et al., 2014; LaDue et al., 2021). Sri Lanka has a history of severe 

HEC, emphasising the urgency of addressing this complicated and nuanced issue. 

 

2.2 Existing methods used to mitigate human-elephant conflict in Sri Lanka 

In many countries, lethal control is no longer an acceptable method for dealing 

with HEC (Cabral de Mel et al., 2023). Sri Lanka has implemented strict laws protecting 

elephants, imposing fines and jail terms for violators (Gunawansa et al., 2023; 
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Jayewardene, 2002). Various management strategies have been developed and 

implemented on multiple scales to prevent and mitigate HEC.  

Rather than resorting to lethal measures, standard practices to mitigate HEC 

involve relocating problematic elephants from conflict areas. This can be through 

translocation (Fernando et al., 2012), domestication (Athauda, 2006), or directing them 

into protected areas (Köpke et al., 2021), focusing primarily on problematic individuals 

(Köpke et al., 2023). However, studies reveal that captured and translocated elephants 

often return to their original territory (Fernando et al., 2012), making this approach 

ineffective as a long-term solution (De Silva & Srinivasan, 2019). 

Commonly available HEC mitigation approaches, such as physical and 

biological barriers (Hoare, 2012) or repellent techniques (Gunaryadi et al., 2017), often 

have drawbacks or prove ineffective in the long run due to elephants habituating to 

them quickly (Fernando et al., 2008). Electric fences emerge as the most effective 

method if adequately constructed and maintained (VerCauteren et al., 2006). Despite 

some inherent problems, such as lack of flexibility and movement restrictions (Boone 

& Hobbs, 2004; Jachowski et al., 2014), for both elephants and non-targeted species 

(Cabral de Mel et al., 2022), electric fences are effective, long-term solutions in 

mitigating HEC. 

Several measures have been implemented to prevent elephants from entering 

crop fields: establishing protected areas (Nyhus & Tilson, 2000), ecological corridors 

(Nyaligu & Weeks, 2013), and electric fences (Osipova et al., 2018), scaring elephants 

away (Sitati et al., 2005), acoustic measures, and agricultural and light-based 

deterrents (Mahalakshmi et al., 2018).  

Establishing protected areas for elephants to ensure elephant access to 

habitats for feeding, breeding, and residing could play a vital role in addressing HEC 

in Sri Lanka (Fernando et al., 2008). The corridors connecting paths for seasonal 

migration support elephants in accessing food sources during the dry season (Osipova 

et al., 2019) as they require 150 kg of food and 100 l of water per day (Athauda, 2006; 

Bandara, 2020). 

Farmers have traditionally used acoustic deterrents such as shouting, drums, 

tins, and firecrackers (Babbar et al., 2022). The DWC provides elephant firecrackers 

to farmers in high HEC areas (Fernando et al., 2008). Lighting, including fires, torches, 

flashlights, and hanging lamps with lights along perimeters, helps drive away 

elephants (Nelson et al., 2003). Lighting fires has been a universal method of 
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protecting crops against elephants and other wild animals since ancient times 

(Gunawansa et al., 2023; Mahalakshmi et al., 2018).  

To further reduce the impacts of elephants on agriculture, farmers can grow 

less attractive crops alongside those elephants eat. Examples of repellent crops are 

ginger, onion (Karunananda, 2020), cinnamon, and citrus (Nyirenda et al., 2023), all 

of which offer both protection and financial benefits (Dagar, 2016). Crop-guarding 

practices range from individual farmers guarding isolated fields to collective efforts by 

farmers or village societies (Findlay, 2016; Makindi, 2010). Elevating huts on trees 

provides a vantage point for observing fields and offers a degree of safety (Fernando 

et al., 2008; Köpke et al., 2023; Szott et al., 2019). 

 

2.3 The current state of human-elephant conflict in Sri Lanka 

Historically, Sri Lanka's wet zone was home to numerous elephants (Fernando 

et al., 2011). The most significant change in elephant distribution and numbers on the 

island occurred during the colonial era from 1505 to 1948 (Katy, 2010). During this 

period, the wet zone underwent extensive settlement and was transformed into 

commercial agricultural land (Abeyratne & Takeshima, 2020; Bebermeier et al., 2023). 

Elephants, considered pests, were frequently shot dead, which eliminated them from 

this zone (Jayewardene, 1994). Consequently, they migrated to the dry zone, where 

their population and density increased due to numerous abandoned reservoirs 

providing water sources (Fernando et al., 2011; Fernando et al., 2005). 

Currently, elephants are more concentrated in the dry zone (Gunawansa et al., 

2023) which includes Wilpattu (North Western and North Central Provinces), Yala 

(Southern and Uva Provinces), Udawalawe (Sabaragamuwa and Uva Provinces), and 

Minneriya National Park (North Central Province). However, the elephant population 

is declining, with only 5,879 individuals recorded in the 2011 elephant census (Nijamir, 

2023; Withanage et al., 2023). In 2008, Sri Lanka was estimated to have the highest 

elephant population in Asia, with a density of 0.088 elephants/km2 (Karunananda, 

2023; Perera & Tateishi, 2012). 

Sri Lanka’s forest cover decreased to 21 percent in 2019 (Ranagalage et al., 

2020), and forest loss and degradation have forced wildlife, including elephants, into 

closer contact with humans, leading to competition for shared resources such as 

space and water (Zoysa, 2022). Over the past four decades, large-scale agricultural 

development projects in the dry zone under the Mahaweli Development Scheme have 

significantly increased habitat fragmentation and HEC incidents (Köpke et al., 2021). 
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HEC incidence is widespread in 16 of the 24 districts of Sri Lanka (A district is a type 

of administrative division that, in some countries, is managed by the local government) 

(Fernando et al., 2021). 

Elephants in various lowland provinces gravitate towards areas with abundant 

agricultural lands, especially in the Eastern, Northern, Northwestern, Southern, 

Central, and Uva provinces (Gunawansa et al., 2023; Nijamir, 2023). Their seasonal 

movements are influenced by food availability, with a preference for grass, especially 

during the dry season when they travel to water sources in search of fresh grass 

(Campos-Arceiz et al., 2008; Karunatilaka et al., 2021). Many elephants live outside 

protected areas, where agricultural land conversion restricts access to water and 

traditional movement corridors (Nijamir, 2023). Furthermore, during the dry season, 

elephants often enter human settlements looking for water resources (Perera, 2009; 

Zoysa, 2022).  

Deforestation, habitat fragmentation, and agricultural expansion in Sri Lanka 

have led to significant losses in forest habitats for wild elephants (Fathima Sajla & 

Famees, 2021) who prefer habitats affording them lower visibility to avoid human 

interaction (Pastorini et al., 2015; Prakash et al., 2020). However, HEC has escalated 

over the past decade, resulting in deaths for both humans and elephants. According 

to the DWC, approximately 304 elephants and 100 humans die annually in Sri Lanka 

due to HEC, with the highest recorded number of elephant deaths, 439, in 2022. In 

the same year, the highest number of human deaths was recorded, 146, the highest 

number for 50 years (Rathnayake et al., 2022). Alongside these mortalities, an 

increase in HEC in the last decade has also led to more frequent property damage, 

crop raids, and injuries involving humans and elephants (Choudhury et al., 2008; 

Fernando et al., 2011; Köpke et al., 2021; Prakash et al., 2020; Santiapillai et al., 

2010). 

 

2.4 Forest mapping in Sri Lanka 

Forest mapping in Sri Lanka holds importance due to the unique biodiversity of 

this island nation (Gunatilleke et al., 2008; Gunawardene et al., 2007), which falls 

within one of the world’s 34 biodiversity hotspots (Sudhakar Reddy et al., 2017). The 

diverse flora and fauna, many of which are endemic, necessitate detailed and accurate 

mapping to ensure their preservation (Green et al., 2009). Forests in Sri Lanka are 

important for carbon sequestration, which is vital in combating climate change 
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(Stanturf et al., 2015). Additionally, these forests are central to the hydrological cycle, 

influencing water resource management (Vose et al., 2011). 

To comprehend the patterns and drivers of forest cover changes, Sri Lanka 

requires comprehensive studies that use robust analytical techniques (Ranagalage et 

al., 2020). The demand for reliable forest cover information has increased, but many 

existing studies are localised and outdated (Mayaux et al., 2005). Accurate and current 

mapping is essential for effective environmental management and conservation 

(Lecours, 2017). 

Forests are key natural resources that contribute directly and indirectly to the 

socio-economic fabric of Sri Lanka (Çömert et al., 2019). Assessing forest cover in Sri 

Lanka is essential to lower pressure on forest lands and HEC (Perera et al., 2012). 

Since the early 15th century, Sri Lanka's land cover has rapidly changed due to human 

settlements, agricultural expansion, fire, fuelwood gathering, invasive species, and 

climate changes such as floods and drought, underscoring the need for up-to-date 

forest mapping (Ranagalage et al., 2020). This mapping is invaluable for various 

applications, including agriculture monitoring, land policy development, land cover 

assessment, forest monitoring and management, scientific research, urban planning, 

and conservation (Grabska et al., 2019; Thanh Noi & Kappas, 2018). To protect 

biodiversity, mapping and monitoring habitats are fundamental (Iglseder et al., 2023). 

Regionally, increasing forest loss rates have been observed in Sri Lanka over 

the last 100 years, particularly in the dry zone, which covers 59 percent of the country 

and receives 1750 to 900 mm of annual rainfall (Nisansala et al., 2020; Rathnayake 

et al., 2020). Historical records show a drastic reduction in forest cover from the 

inception of British control in 1843 (Perera et al., 2012). About 90 percent of Sri Lanka 

was originally covered by forests (Lindstrom et al., 2011), this reduced to 44 percent 

by 1956 (Illangasinghe et al., 1999). From 1976 to 1985, forests were lost at an annual 

rate of 0.49 percent (Sudhakar Reddy et al., 2017). From 1976 to 2014, the forest 

decreased by 5.5 percent (Sudhakar Reddy et al., 2017). Figures 2-1 and 2-2 illustrate 

the changes in forest cover in Sri Lanka and the study area from 2001 to 2022 (GFW, 

2024). 
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Figure 2-1: Forest cover losses in Sri Lanka from 2001 to 2022 (GFW) 

 

 

Figure 2-2: Forest cover losses in Badulla, Hambantota, Monaragala, and Rathnapura 

from 2001 to 2022 (GFW) 
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Challenges in forest mapping in Sri Lanka include illegal deforestation, limited 

resources, and topographical variations (Lindström et al., 2012). These challenges 

complicate keeping the maps updated and accurate (Premakantha et al., 2021). 

Financial and technological constraints are recognised as limiting the scope and 

frequency of forest mapping (White et al., 2016). Integrating advanced technologies 

such as machine learning  can significantly enhance the precision and efficiency of 

forest mapping (Pu, 2021) (see Section 2.1.8 for an elaboration of machine learning  

techniques). Satellite imagery, GIS, and drones are used to map forests (Nitoslawski 

et al., 2021; Ruwaimana et al., 2018). Satellite imagery covers large areas and can 

detect changes over time (Nitoslawski et al., 2021), while remote sensing provides 

high-resolution imagery for detailed analysis, even in difficult-to-access regions (Willis, 

2015). Although satellite imagery alone cannot detect changes, image-processing 

algorithms tools can analyse and identify these changes. 

2.5 Satellite remote sensing in forest mapping 

Remote sensing is the science of acquiring, processing and interpreting images 

and related data from aircraft-associated images, aircraft, and spacecraft. These 

technologies record the interaction between matter and electromagnetic energy 

(Pachori et al.; Sabins, 1999). Remote sensing is the process of detecting and 

monitoring the physical characteristics of an area by measuring its reflected and 

emitted radiation at a distance (Iverson et al., 1989; Kidder & Haar, 1995; Lechner et 

al., 2020; Roy et al., 2017; U.S. Geological Survey, 2023). A forest cover map provides 

information on the size, shape and spatial distribution of forests and thus assists in 

classifying the landscape into patterns (Ganz et al., 2020). Earth surface data, 

captured by sensors in different wavelengths, undergoes radiometric and geometric 

corrections before extracting spectral information (Manikiam, 2014; Roy et al., 2017).  

Remote sensing satellite data is valuable for producing up-to-date LCLU 

classifications (Steinhausen et al., 2018). Moreover, earth observation data sets are 

constantly applied to gather information about LCLU changes (Chaves et al., 2020; 

Kpienbaareh et al., 2021). LCLU changes reflect the dynamics of this interaction. 

These can be caused by humans, as seen in deforestation, urbanisation, and 

agriculture intensification, or by natural actions like droughts, floods, and wildfires 

(Chaves et al., 2020). Satellite images provide extensive geographical coverage at a 

low cost and ensure consistent, repeatable measurements on a spatial scale (Aasen 

et al., 2018; Blount et al., 2022; Cihlar, 2000; Rogan & Chen, 2004; Rwanga & 
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Ndambuki, 2017). Using open-source software with satellite remote sensing data 

enables cost-effective and standardised mapping of ecosystem extents and dynamics 

over large areas with high temporal resolution (Crowson et al., 2019; Murray et al., 

2018; Shojanoori & Shafri, 2016).  

The free and open availability of Earth observation data with global coverage is 

provided by systematic collection and archival by space agencies, such as the 

European Space Agency (ESA) Sentinel series and the United States (U.S. Geological 

Survey) National Ocean and Atmospheric Administration advanced very high-

resolution radiometer, the National Aerospace Science Administration (NASA) 

MODIS, and NASA and the United States Geological Survey Landsat series have 

enabled the rapid development of private and public data commons (Turner et al., 

2015; Wulder et al., 2018).  

 

2.5.1 Application of MODIS satellite data in forest mapping 

NASA launched MODIS into Earth orbit as a key instrument for the Earth 

Observing System (Xiong et al., 2009). MODIS has provided comprehensive data on 

Earth's systems on board the satellite Terra in 1999 and the satellite Aqua in 2002 

(NASA, 2023a). MODIS acquires data in 36 spectral bands ranging in wavelengths 

from 0.4 to 14.4 μm and offers a diverse range of valuable information data to 

understand the planet (NASA, 2023a).  

The spatial resolutions of MODIS vary across its spectral bands, with two bands 

at 250 m, five at 500 m, and 29 at 1 km (NASA, 2023b). This variation allows for 

detailed observations of specific phenomena while maintaining a broad coverage area 

(Lobser & Cohen, 2007). Such detailed resolution is pivotal for studying various 

features of Earth, from large-scale environmental changes to more localised events 

(Bronstert et al., 2002).  

The data types that MODIS captures are vast and include spectral albedo, land 

cover, spectral vegetation indices, snow and ice cover, surface temperature, fire, and 

several biophysical variables (Reed et al., 2009). These data are essential for the 

computation of global carbon cycles, hydrological balances, and the biogeochemistry 

of critical greenhouse gases (Running et al., 1994). Monitoring these variables is 

essential for understanding the Earth's climate system and the impacts of climate 

change (Ojima et al., 1991). 

The MODIS swath is 2,330 km cross-track by 10 km along-track at nadir 

(NASA, 2023a), allowing it to image the entire Earth every one to two days (Elshora, 
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2023). This frequency is vital for timely monitoring dynamic environmental processes 

and changes (Nagendra et al., 2013). Regular and comprehensive data coverage is 

essential to track and manage forest fires, droughts, and floods (Brown et al., 2015).  

Regarding practical applications, MODIS data have proven invaluable for 

monitoring forests and updating field conditions regularly (Perera et al., 2012). Their 

relevance extends to scenarios that require prompt information about vegetation 

conditions, such as during droughts, floods, or fire hazards (Brown et al., 2015). Rapid 

data flow from MODIS is essential in operational applications, especially where speedy 

information dissemination is needed to keep pace with changing surface conditions 

(Zhao et al., 2022).  

MODIS data are freely available through the NASA website (Perera & Tsuchiya, 

2009; Strabala et al., 2003). Many scientists have successfully made land cover maps 

or clarified land cover status based on these data (Friedl et al., 2002; Hall et al., 2002; 

Perera & Tsuchiya, 2009; Price, 2003). The availability of these data has significantly 

advanced global environmental research and monitoring, providing a detailed and 

accessible dataset for numerous studies (Tamiminia et al., 2020). 

 

2.5.2 Application of Sentinel satellite data in forest mapping 

The Sentinel-2 mission, an integral part of the ESA and the European Union's 

Copernicus programme, is essential to improve our capabilities in forest mapping and 

LCLU monitoring (Balsamo et al., 2018; Gascon et al., 2017; Malenovský et al., 2012; 

Phiri et al., 2020; Sarvia et al., 2021; Transon et al., 2018). The Sentinel-2 constellation 

comprises twin satellites, Sentinel-2A and Sentinel-2B (Ienco et al., 2019; Segarra et 

al., 2020). The individual Sentinel-2 satellite has a revisit frequency of ten days, and 

the combined constellation revisit frequency is five days (Ienco et al., 2019; Main-

Knorn et al., 2017; Suhet, 2015). This combination improves data acquisition 

frequency, offering comprehensive coverage of the Earth's surface. 

Sentinel-2 satellite data can potentially improve forest classification on medium 

to large scales due to high spatial resolution, including 13 spectral bands. These bands 

are divided into three spatial resolution levels: four bands with a 10 m resolution, six 

bands with a 20 m resolution, and three bands with a 60 m resolution (Gargiulo et al., 

2019; Lanaras et al., 2018; Sentinel, 2014). The 10 and 20 m bands are particularly 

adept at detailed land cover or water mapping, agriculture and forest applications, and 

managing various natural risks, including floods and fires. In contrast, the 60 m bands 
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are more suitable for broader environmental monitoring activities such as pollution 

monitoring and cloud estimation (Drusch et al., 2012; Wang et al., 2016).  

A notable aspect of the Sentinel-2 mission is its free access policy, making this 

high-value data available to a broader audience, including researchers and 

policymakers in developing countries (Phiri et al., 2020; Segarra et al., 2020). This 

improves global access to high-quality satellite data, fostering a more inclusive 

environmental monitoring and research approach (Main-Knorn et al., 2017). This 

cooperation has resulted in the excellent availability of data (via free access), 

instruments (software), and techniques (algorithms) for processing such data (Burton, 

2016; Gomes et al., 2020; Jha & Chowdary, 2007), providing the RS community new 

applications and tools to conduct research (Macarringue et al., 2022). 

Since its inception, the primary objective of the Sentinel-2 mission has been to 

provide high-resolution satellite data for LCLU monitoring, climate change and disaster 

monitoring (Agency, 2015; Jonnalagadda, 2023; Malenovský et al., 2012; Sentinel, 

2014). This has significantly contributed to the advancement of RS applications, 

particularly in environmental conservation and sustainable management of natural 

resources (Askar et al., 2018).  

 

2.6 Classification strategy 

LCLU classification using RS imagery is a critical process in various fields such 

as agricultural practice, forest management, biological resource management, and 

land use inventories and planning (Arowolo et al., 2018; Belay & Mengistu, 2019; 

Rajendran et al., 2020; Talukdar, Singha, Mahato, Praveen, et al., 2020). The LCLU 

classification strategy involves assigning land cover classes to pixels in satellite 

images and categorising them into different types (Alshari & Gawali, 2021; Anderson, 

1976), such as water bodies, urban areas, forests, agricultural lands, grasslands, and 

mountains (Hamdy et al., 2023). 

The selection of an appropriate classification system is essential in LCLU 

assessment and requires the consideration of many factors (Macarringue et al., 2022; 

Rwanga & Ndambuki, 2017). Specific LCLU classes, such as urban areas, forests, 

agricultural land, and mountains, are defined and tailored to the region's 

characteristics (Ngondo et al., 2021). The adaptability of the classification system to 

the project's requirements and the area's specifics is critical for accurate 

representation (Iglseder et al., 2023). Selecting an appropriate classification system, 

post-classification processing, and accuracy assessment are essential steps in image 
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classification (Lu & Weng, 2007). Data from satellite-based sensors such as Sentinel-

2 and MODIS showed potential for classifying and monitoring habitat groups (Iglseder 

et al., 2023). 

Machine learning  techniques such as artificial neural networks, SVM, RF and 

object-based image analysis (OBIA) are increasingly used in LCLU classification 

(Carranza-García et al., 2019). SVM and RF were noted for their effectiveness (Ma et 

al., 2017; Mountrakis et al., 2011; Talukdar, Singha, Mahato, Pal, et al., 2020). Two 

elements determine LCLU classification accuracy: sensor characteristics and image 

data-related factors such as spatial and temporal resolution, processing software and 

hardware (Deng et al., 2008). 

Accuracy assessment is integral to the LCLU classification process (Foody, 

2002; Rwanga & Ndambuki, 2017). This involves comparing the classified data with 

ground truth data or other reliable sources to evaluate the classification's accuracy 

(Abbas & Jaber, 2020; Foody, 2002). This step is important for validating the results 

and making the necessary adjustments to the classification process (Dihkan et al., 

2013). 

 

2.6.1 Random forest classification 

The RF classifier is a powerful machine learning tool initially relatively unknown 

in land remote sensing (Ghamisi et al., 2017; Rodriguez-Galiano et al., 2012). RF 

classification has been increasingly considered for classifying multisource RS and 

geographic data (Gislason et al., 2006). As a sophisticated machine learning  

algorithm, the RF operates by constructing a multitude of decision trees (Wijesekera 

et al.) during training and outputting the classified classes (Fernández-Delgado et al., 

2014; Hayes et al., 2014).  

Robust RF classification generates multiple DTs using a randomly selected 

subset of training samples and variables. The ensemble approach involves many DTs, 

each given a random subset of the training data and predictor variables (Breiman, 

2001; Ramezan et al., 2021). The versatility of RF lies in its capacity to estimate 

missing values and its flexibility in handling various data analyses, including 

regression, classification, survival analysis, and even unsupervised learning 

(Rodriguez-Galiano et al., 2012).  

Key advantages of RF classification include its non-parametric nature, high 

classification accuracy (Ham et al., 2005), and the ability to determine variable 

importance in LCLU mapping (Maxwell et al., 2018; Rodriguez-Galiano et al., 2012). 
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RF requires training and test data for supervised classification, with the classification 

output of individual trees depending on the number of training samples and the number 

of trees generated, which are important input parameters (Akbari et al., 2020; Pal, 

2005).  

RF’s popularity in RS analyses has been growing (Chen & Cheng, 2016; 

Fernández-Delgado et al., 2014; Ghamisi et al., 2017; Gislason et al., 2004; Ham et 

al., 2005; Khatami et al., 2016; Maxwell et al., 2019; Maxwell et al., 2018; Pal, 2005; 

Ramo & Chuvieco, 2017). Two parameters, ntree and mtry, are essential in this setup, 

with mtry often set to the square root of the number of input variables (Belgiu & Drăguţ, 

2016; Pal, 2005). Using a bagging operation, the RF generates multiple DTs (ntree) 

based on a randomly selected subset of training data. Each tree is independently 

grown to its maximum size without pruning, based on a bootstrapped sample from the 

training dataset, and each node is split using the best among a subset of input 

variables (mtry) (Breiman, 2001). The classification is then predicted based on each 

tree predictor's most popular voted class.  

 

2.6.2 Support vector machine classification 

The SVM is one of the most widely used machine learning classifiers, providing 

highly accurate LCLU classification results using remotely sensed images (Adam et 

al., 2014; Cortes & Vapnik, 1995; Mountrakis et al., 2011; Shetty, 2019). SVMs are a 

non-parametric statistical learning method that has recently been used in numerous 

applications in image processing (Górriz et al., 2017). For advanced machine learning  

tasks, the SVM provides a suite of highly effective algorithms for handling high-

dimensional data (Tariq, Jiango, et al., 2023). Another significant advantage of SVM 

in this field is its robustness against overfitting, especially in cases with fewer training 

samples (Baumes et al., 2006).  

The SVM may achieve high classification accuracy using a small training 

sample set (Foody & Mathur, 2004; Zhang & Wang, 2003). Such mapping is essential 

for sustainable management and conservation of natural resources (Sannigrahi et al., 

2020; Zekeng et al., 2019). SVMs require user-defined parameters, and each 

parameter affects the kernels differently. Therefore, the classification accuracy of 

SVMs is based on the choice of these parameters and kernels (Ustuner et al., 2015). 

Kernel functions commonly used in SVMs can be generally aggregated into four 

groups: linear, polynomial, radial basis function, and sigmoid kernels (Kavzoglu & 

Colkesen, 2009). 
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SVMs are designed to produce an ideal hyperplane, also known as a decision 

boundary, which exploits the distance between the nearest samples (support vectors) 

to the plane and neatly divides classes (Cervantes et al., 2020). The model prioritises 

training instances on the periphery of the class distribution’s support vectors while 

effectively discarding the rest (Chen et al., 2014). This classification method assumes 

that only the training samples located on the class boundaries are necessary to make 

accurate distinctions (Rajendran et al., 2020). As the SVM can achieve high accuracy 

even with tiny training datasets, this helps to reduce the overall cost of training data 

gathering (Fonseca et al., 2021).  

The SVM algorithm can efficiently process and classify these images into 

different types of land cover, such as water bodies, vegetation, and urban areas, even 

when the data have a large number of spectral bands (Karakacan Kuzucu & Bektas 

Balcik, 2017; Keshtkar et al., 2017; Momeni et al., 2016).  

 

2.6.3 Object-based image analysis classification 

OBIA (Feizizadeh et al.) is a method primarily used for precisely classifying 

multi-temporal images, followed by GIS-based change detection (Samal & Gedam, 

2015). OBIA has been applied more frequently for RS image classification than pixel-

based analysis (Blaschke, 2010; Kindu et al., 2013; Luo & Mountrakis, 2011; 

Whiteside et al., 2011). A key advantage of OBIA is its ability to integrate various 

characteristics of objects, including spectral values, shape, and texture. One of its 

strengths is combining spectral and spatial information to extract target objects (He et 

al., 2016). 

The methodology of OBIA encompasses several critical steps, beginning with 

the segmentation of satellite imagery into homogeneous and meaningful segments 

(Amanzadeh et al.). Subsequent steps include extracting relevant features from these 

segmented objects and training classifiers using known data samples to accurately 

recognise patterns and features within the imagery. Finally, classified segments are 

used for various analytical purposes (Singh et al., 2021).  

The OBIA classification process is enhanced by its support for multiple bands 

for multiresolution segmentation and classification (Feizizadeh et al.). Over the past 

few years, OBIA has been frequently applied in diverse fields such as vegetation 

analysis (Yu et al., 2006), forest cover (Heyman et al., 2003) and water body extraction 

(He et al., 2016).  



 

24 

However, the accuracy of OBIA can vary depending on the specific nature of 

the landscape and the types of images used in the analysis (Dronova et al., 2011). 

The OBIA of satellite imagery has been successfully implemented using the Orfeo 

Toolbox (OTB) in the QGIS environment (Singh et al., 2021). 

 

2.7 Normalised difference vegetation index 

NDVI is the simplest and most commonly utilised objective measure of 

vegetation density (Pu et al., 2008). It is critical in environmental health studies, 

particularly in urban settings where measuring greenness is important (Martinez & 

Labib, 2023). Significantly, NDVI can provide a quantifiable assessment of urban 

vegetation, a key factor in numerous environmental studies (Li et al., 2015). 

The surrounding greenness in urban areas is typically characterised in one of 

two ways: as the percentage of green spaces in the designated area based on LCLU 

maps or through the measurement of photosynthetically active greenness (Gascon et 

al., 2016). The latter is often quantified using satellite-derived NDVI, a technique that 

reflects the amount of dynamic green vegetation in a given area (Hmimina et al., 2013). 

The product of NDVI is a common data source for LCLU mapping that can 

provide valuable phenological information about vegetation, especially on agricultural 

lands (Baeza & Paruelo, 2020; Usman et al., 2015). This makes NDVI an 

indispensable tool in agricultural management and environmental monitoring, offering 

insight into various stages of crop development (Atzberger, 2013; Singh et al., 2020).  

Compared to other vegetation types, such as grasslands and forests, croplands 

have distinct characteristics at different stages of development, sowing, growth, and 

harvest (Estel et al., 2015; Wang et al., 2018). NDVI uses multi-spectral remote 

sensing data to effectively discern these stages, providing vital information for LCLU 

classification on a range of LCLU, including vegetation, water bodies, open areas, 

scrub areas, hilly areas, agricultural areas, and different types of forestation (Gandhi 

et al., 2015; Gao et al., 2017). 

NDVI utilises a normalised index that measures the difference ratio between 

the near-infrared and red bands of the electromagnetic spectrum (Li et al., 2014). This 

spectrum ranges from -1 (representing surfaces utterly devoid of vegetation) to +1 

(surfaces fully covered by vegetation) (Patón, 2020), with intermediate values 

representing areas with weak or no plant cover, namely water bodies, sand, snow 

(Pettorelli, 2013). However, interpreting these values can be challenging due to their 
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dimensionless nature, which can sometimes result in vague interpretations at a scale 

of analysis (Reis & Lopes, 2019). 

The threshold method is commonly used to extract vegetation information from 

data (Bhandari et al., 2012), especially for cropland in the sowing, development, and 

harvest stages. Due to its cyclical variability, cropland differs from other vegetation 

types, such as grasslands and forests (Yang et al., 2017). Thus, distinguishing 

agriculture from woodland and grasslands is difficult using a single image (Strong et 

al., 2017). However, incorporating vegetation phenology information and textural 

features of each category can significantly improve the accuracy of the LCLU 

classification (Huang et al., 2020). 

The applications of NDVI have expanded considerably due to the availability of 

long-term satellite data covering extensive geographic areas (Baldi et al., 2008). 

These data sets offer increasingly higher spatial and temporal resolution, broadening 

the potential for advanced environmental analysis and agricultural management 

(Martinez & Labib, 2023). 

The significance lies in their ability to distinguish between healthy and stressed 

vegetation. The chlorophyll in healthy plants strongly absorbs red light while reflecting 

infrared light (Zahir et al., 2022). Conversely, stressed or unhealthy vegetation reflects 

more red and less infrared light. This contrast helps to identify areas of dense, healthy 

vegetation versus sparse or distressed vegetation, aiding in forest health assessment, 

biomass estimation, and habitat monitoring (Haindongo, 2009). 

The calculation of NDVI is achieved by Equation (2.1). It is essential to note 

that the red and near-infrared bands are integral to this. Specifically, the red 

corresponds to the B4 band, while the near-infrared corresponds to the B8 band, 

according to the requirements of the ESA SNAP algorithm (Köpke et al.; Krtalić et al., 

2021). 

 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁𝐼𝑅+𝑅𝑒𝑑
=

𝐵8−𝐵4

𝐵8+𝐵4
                 (2.1) 

 

The NDVI is calculated from MODIS-derived indices by Equation (2.2). This 

index uses reflectance values from specific MODIS bands: 𝜌𝑅𝐸𝐷 for the red band (621–

670 nm, MODIS band 1) and 𝜌𝑁𝐼𝑅  for the near-infrared band (841–875 nm, MODIS 

band 2) (DeFries & Townshend, 1994; Gu et al., 2007; Han et al., 2010; Tariq, Yan, et 

al., 2023). 
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𝑁𝐷𝑉𝐼 =
𝜌𝑁𝐼𝑅−𝜌𝑅𝐸𝐷

𝜌𝑁𝐼𝑅+𝜌𝑅𝐸𝐷
=

𝐵2−𝐵1

𝐵2+𝐵1
                 (2.2) 

 

 

 

 

 

 

 

CHAPTER 3: PAPER 1 – THE HUMAN-ELEPHANT 

CONFLICT IN SRI LANKA: HISTORY AND PRESENT 

STATUS 

3.1 Introduction 

This chapter is an exact copy of an article published in 2023 in Biodiversity and 

Conservation, 32(10), pp. 3025–3052.  

This article comprehensively explores HEC in Sri Lanka, emphasising its gravity 

and far-reaching implications. The introductory description provides an extensive 

overview of the historical context, detailing the numerous factors contributing to this 

conflict, including habitat loss, evolving agricultural practices, and changing LCLU 

patterns. A significant focus is directed towards solving the traditional methods local 

Sri Lankan communities use to mitigate the impacts of HEC. Furthermore, the article 

offers a critical assessment of the literature and research gaps related to HEC in Sri 

Lanka, suggesting areas for future research. The investigation extends to the conflict's 

potential social and economic impacts on local communities, emphasising the need 

for an all-inclusive understanding. The article concludes with a discussion of the 

implications of HEC in Sri Lanka for greater conservation efforts, human well-being, 

and sustainable development, highlighting the importance of the topic for national and 

global audiences. 
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3.2 Published paper 
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3.3 Links and implications 

The two publications presented in Chapters 3 and 4 are linked by their collective 

investigation of the complex relationship between humans and elephants in Sri Lanka. 

The initial article is a thorough study of the historical context and status of HEC, 

indicating the multifaceted factors contributing to this continuing challenge. HEC tends 

to occur in or near elephant-friendly habitats. Thus, identifying such habitats is critical 

for investigating HEC, for which it is important to define elephant-friendly forest cover 

in maps. In line with this, in the second article, Sentinel-2 satellite data are used to 

map forest cover in southeast Sri Lanka. This spatial analysis provides essential 

insights into the dynamic landscape, revealing a deep understanding of the 

geographical elements that substantially impact human-elephant interactions. 

Combining these studies constructs a coherent description of issues 

surrounding HEC and its mapping, with historical insights complemented by current 

spatial analysis. This helps to provide a comprehensive knowledge of the 

complications surrounding the HEC in Sri Lanka. The first article lays the foundations 

by describing the historical context and presenting the current challenges. The second 

article extends this narrative into spatial dynamics by mapping and analysing forest 

cover using modern technology. These two articles offer a comprehensive 

perspective, enriching the HEC discourse and developing an advanced knowledge of 

its complexities in the Sri Lankan context. 
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CHAPTER 4: PAPER 2 – APPLICATION OF SENTINEL-2 

SATELLITE DATA TO MAP FOREST COVER IN 

SOUTHEAST SRI LANKA THROUGH THE RANDOM 

FOREST CLASSIFIER 

4.1 Introduction 

This chapter is an exact copy of an article published in 2022 in the Journal of 

Advances in Engineering and Technology, 1(1), pp. 1-10.  

This article investigates the usefulness of RF classification in producing an 

enhanced-quality forest cover map for Sri Lanka using Sentinel-2 satellite data. The 

detailed methodology, which includes a thorough examination of the RF classification, 

provides valuable insights into processing and analysing satellite data for accurate 

forest cover mapping. Furthermore, the analysis of Sentinel-2 satellite data highlights 

the potential for innovative approaches to LCLU management by using RS technology 

for environmental monitoring. As RF classification offers precision in mapping forest 

cover, the findings are more reliable and applicable to environmental management. 

NDVI is a powerful tool for monitoring forest cover and can provide valuable insights 

into forest ecosystems' health, dynamics, and trends. Therefore, NDVI is used to 

assess the accuracy of RFC and is employed only as a supplementary tool to validate 

the presence of forested areas. Furthermore, the discussion extends to the potential 

future applications of these satellite-based methodologies for guiding further studies 

and developing long-term LCLU strategies. This study helps improve present forest 

cover mapping procedures while laying the framework for developing cutting-edge 

environmental monitoring and resource management methodologies. 
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4.3 Links and implications 

The link between the two articles presented in Chapters 4 and 5 is firmly 

established through the common approach of classifying Sentinel-2 satellite imagery 

using RF classification. In the initial study, RF classification is applied to analyse 

Sentinel-2 satellite imagery through SNAP software, providing a robust framework for 

accurate land cover analysis and identifying forest cover. 

This original study sets the stage for the article presented in Chapter 5, 

"Greenery change and its impact on HEC in Sri Lanka: A model-based assessment 

using Sentinel-2 imagery." Building upon the foundational work presented in Chapter 

4 and this study extends the procedure by incorporating three LCLU classification 

methods: RF, SVM, and OBIA. The research expands beyond forest mapping, 

investigating the complex relationship between greenery changes and HEC. 

Essentially, the sequential relationship between these articles emphasises the 

evolutionary progression of research, from initial forest cover mapping to a broader 

analysis of the dynamic relationship between environmental changes and HEC.  
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CHAPTER 5: PAPER 3 – GREENERY CHANGE AND ITS 

IMPACT ON HUMAN-ELEPHANT CONFLICT IN SRI LANKA: 

A MODEL-BASED ASSESSMENT USING SENTINEL-2 

IMAGERY 

5.1 Introduction 

This chapter is an exact copy of an article published in 2023 in the International 

Journal of Remote Sensing, 44(16), p.p. 5121–5146. 

This study focused on a comprehensive analysis throughout Sri Lanka, 

exploring the complex relationship between greenery changes and HEC. This article 

demonstrates the dynamic landscape of Sri Lanka, concentrating on the complex 

interaction between greenery alterations and HEC through a model-based 

assessment using Sentinel-2 imagery. Using three advanced classification methods, 

RF, SVM, and OBIA, LCLU is classified into various categories, considering the 

complexity of Sri Lanka's woody vegetation.  

The study highlights the effectiveness of supervised classification with machine 

learning  algorithms. It achieves high precision in classifying LCLU, with RF emerging 

as the most effective method, offering insights into the spatial dynamics of HEC. 

Through a comprehensive analytical approach, the investigation uncovers the 

correlation between changes in greenery and their impact on the frequency and 

intensity of human-elephant encounters. This spatial distribution reveals a connection 

between HEC and human-altered landscapes adjacent to forest reservations and 

patches. Identifying high-risk areas for HEC enables strategic governmental 

interventions, potentially designating these regions as protected areas. 
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5.2 Published paper 
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5.3 Links and implications 

The connection between the two articles presented in Chapters 5 and 6 is their 

united approach to tackling the prevalent issue of HEC in Sri Lanka. High-resolution 

Sentinel-2 satellite imagery was a key tool for identifying areas where human activities 

intersect with elephant habitats. Both studies employed machine learning  algorithms, 

specifically RF and SVM classifiers, alongside Sentinel-2 satellite imagery for a 

thorough examination of how changes in greenery affect the dynamics of HEC. 

The methodology is consistent with both articles. The created LCLU map 

effectively pinpoints critical hotspots for HEC incidents in Sri Lanka. Additionally, NDVI 

values were utilised for both studies to quantify changes in vegetation cover, clearly 

depicting alterations in greenery within the study area. 

Paper 4, presented in Chapter 6, further enhances the methodology to generate 

a comprehensive forest map. This map, coupled with a detailed analysis of HEC, 

enables the identification of high-risk zones. Both research efforts underscore the 

potential of integrating remote sensing and GIS in mitigating HEC. 
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CHAPTER 6: PAPER 4 – IDENTIFYING HUMAN-ELEPHANT 

CONFLICT HOTSPOTS THROUGH SATELLITE REMOTE 

SENSING AND GIS TO SUPPORT CONFLICT MITIGATION 

6.1 Introduction 

This chapter is an exact copy of the published article in 2024 in the Remote 

Sensing Applications: Society and Environment, 35. 

 

This study addresses a pressing issue of HEC in regions where elephants and 

humans coexist, specifically focusing on Sri Lanka. Integrating remote sensing and 

GIS analysis, changes in LCLU are examined, utilising Sentinel-2 satellite data to 

identify potential conflict areas. The research, conducted in two forest-dominated 

regions of southeast Sri Lanka from 2021 to 2022, uses high-resolution Sentinel-2 

imagery to detect proximity areas of human activities and elephant habitats.  

Monthly changes in vegetation cover were quantified using NDVI values 

derived from MODIS data. These identified regions are suitable for elephants to 

frequently forage in. Furthermore, using KDE, high-density areas were identified for 

reported incidents of human and elephant deaths. This process involved assigning 

weight to conflict incidents within a 5 km radius, considering the proximity to the forest, 

and evaluating greenery changes using NDVI values. The process revealed varying 

levels of HEC risk, from very high to low. 

The study employs the RF and SVM classification methods for LCLU 

classification. The LCLU map, created using the RF classifier, indicated that all 

identified hotspots for very high and high HEC risks are closely aligned with forest 

boundaries.  
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6.2 Published paper 
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CHAPTER 7: DISCUSSION AND CONCLUSION 

7.1 Discussion 

HEC has emerged as a critical socio-economic and conservation challenge 

within elephants' range in Sri Lanka and other countries. This is driven by competition 

between humans and elephants for space and resources. Sri Lanka hosts a 

considerable population of wild elephants, with a higher elephant density than India, 

of approximately 0.1 elephants/km2 compared to 0.01 elephants/km2.  

The expansion of the human populations into previously undisturbed areas and 

the consequent reduction in elephant habitats have heightened the frequency of 

encounters between humans and elephants. These encounters often result in crop 

damage and property destruction. Data collected from 2015 to 2022 revealed the 

severity of the issue, with 18,409 reported incidents of HEC. Human and elephant 

deaths have doubled since 2010, while property damage has increased by over 238 

percent since 2015 and accompanies a significant portion of the 14,145 deaths caused 

by HEC. This study's focus on accurately identifying high-risk areas is crucial for 

safeguarding elephant populations and the well-being of local communities.  

The primary objective of this study has been to utilise GIS and satellite data 

fusion for the precise identification and demarcation of areas in Sri Lanka at high risk 

of HEC. By analysing conflict patterns, exploring the factors in the environment and 

landscape contributing to these incidents, and creating models to predict zones of 

potential future conflicts, the researcher seeks to effectively address the ongoing 

challenges of HEC as a precursor for their mitigation. 

The research area, approximately 5,836 km², was marked by dense forests, 

open forests, paddy fields, and tropical crop cultivations, particularly in two rich, 

biodiverse, forest-dominated regions in southeastern Sri Lanka. Notably, Udawalawe 

National Park was identified as hosting an elephant population of 804 to 1160, 

indicating an exceptionally high density of 1.02-1.16 elephants/km². Utilising the 

advanced technologies of remote sensing and GIS facilitated a detailed analysis of 

spatial patterns and environmental factors contributing to HEC. These tools proved 

instrumental in identifying patterns, trends, and zones at high risk for HEC.  

The study relied on Sentinel-2 L2A imagery with less than 14 percent cloud 

coverage and MODIS satellite data with minimal cloud coverage. Six distinct LCLU 

classification schemes were identified, employing supervised classification methods 

through RF and SVM algorithms. SNAP 9.0.0 and QGIS 3.28 software with OTB 8.1.0 
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plugin tools were used in the classification process. The training sites were carefully 

selected using various sources, including Google Earth, field data, existing knowledge, 

and public datasets. The RF classification algorithm was optimised, and model 

accuracy was maximised by setting two main parameters, mtry at 3200 and ntree at 

50. The SVM classification was implemented with a linear kernel-type algorithm with 

settings of 1 for cost parameters. These parameter settings enhanced the accuracy of 

both models. LCLU classification was undertaken with a balance between training and 

validation samples, maintaining a ratio of 0.5 percent for effective model validation. 

The optimisation of the RF model and the SVM classification through specific 

parameter settings resulted in high model accuracy. These were further validated by 

confusion matrices using 188 randomly selected points. The RF classifier achieved an 

accuracy of 97.31 percent, and the SVM classifier reached 94.62 percent, highlighting 

the reliability and precision of these methods for LCLU mapping. 

Additionally, NDVI analysis provided insights into vegetation health and its 

correlation with rainfall patterns, indicating significant fluctuations in vegetation cover 

corresponding to rainfall levels. During the dry season from May 2021 to August 2021, 

the recorded rainfall level was less than 150mm. During this period, NDVI values were 

lower, indicating reduced vegetation cover. However, following increased rainfall, 

NDVI values rose notably in September 2021, indicating healthy vegetation cover with 

NDVI values exceeding 0.6.  

The KDE technique identified high-density areas of human and elephant death 

presence, pinpointing eight specific geographic points of heightened death density for 

humans and elephants. A spatial weight matrix was used for HEC hotspot 

identification. For human and elephant death incidents within a 5 km radius of each 

point, weights ranging from 0 to 0.3 were assigned based on the distance from the 

designated reference point. Also, proximity to forest areas from these points was 

measured using an LCLU map. Weights between 0 and 0.5 were assigned based on 

the proximity of these points to the forest. 

Additionally, based on NDVI, the impact of changes in greenery on incident 

occurrences was considered, and weights were assigned from 0 to 0.2 accordingly. 

HEC hotspots were assigned into four distinct risk categories: very high, high, 

moderate, and low. Very high and high-risk hotspots were located near forest 

boundaries where LULC changes have impacted elephant habitat suitability. 

The analysis underscored the significant relationship between LCLU changes and 

HEC, especially in areas where human activities have altered the natural landscape. 
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Despite these promising results, limitations exist related to the availability and quality 

of satellite data, the representativeness of training data, and the challenges of applying 

the methodology in different regions. To ensure the effectiveness and feasibility of this 

study's methods across diverse settings, future applications in areas experiencing 

similar human-wildlife conflicts should consider key factors: scalability, similar 

characteristics, and adaptability.  

The proposed method in this study has several limitations when applied in real-

world applications. The availability and quality of input data heavily influence the 

accuracy of satellite data classification. In turn, the accuracy of the classification model 

depends on the representativeness and quality of the training data. Thus, classification 

accuracy can be compromised if training data do not adequately capture the variability 

and characteristics of target LCLU classes. Although satisfactory results for LCLU 

classification can be obtained, it is difficult to get enough clear images on rainy and 

cloudy days. 

This study's methodology will be applied to other regions dealing with similar 

HEC, considering scalability, similar characteristics, and adaptability. The ability to 

scale up or down is essential for its applicability to different areas, ensuring that the 

methodology remains effective and feasible. 

 

7.2 Conclusion 

The study presented in this thesis emphasises the importance of addressing 

the escalating HEC in countries such as Sri Lanka, where the coexistence of humans 

and elephants is severely impacted by rapid population growth, agricultural expansion, 

infrastructure development, and the consequences of climate change. Particularly in 

rural and semi-urban areas where human settlements and elephant habitats overlap, 

the challenges intensify, harming both human and elephant communities. 

Sri Lanka has a high population density of elephants and humans combined at 

0.088 per km2. This has given rise to significant conservation, socio-economic, and 

political challenges. The multifaceted impacts of HEC, including human and elephant 

deaths, crop raiding, and property damage, underscore the urgency of addressing this 

complex problem. Over the past 15 years, Sri Lanka has experienced the second-

highest annual number of human deaths and the highest per capita death rate from 

HEC globally, showcasing the alarming severity of the issue.  

HEC data from the DWC of Sri Lanka indicates 18,409 HEC incidents from 

2015 to 2022, with 3,771 elephants and 1,208 humans losing their lives between 2010 
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and 2022. The Sri Lankan elephant (Elephas maximus maximus) is included on the 

IUCN Red List of Threatened Species.  

Traditionally, various methods have been used to mitigate HEC: physical 

barriers, acoustic, light-based and agricultural deterrents, elephant watch towers, and 

beehive fences. The Sri Lankan government has responded by establishing electric 

fences, problem elephant translocation, and elephant corridors. Despite these efforts, 

the need for innovation remains. The main strength of this study is its proposed and 

validated HEC high-risk zone identification method, which integrates GIS and satellite 

data fusion techniques.  

Remote sensing and GIS analysis have been successfully combined to monitor 

changes in greenery correlated with HEC incidents. Using Sentinel-2 satellite data and 

the machine learning  classifiers of RF and SVM, high overall accuracy was achieved 

of 97.31 percent and 94.62 percent, respectively, with Kappa coefficients peaking at 

0.95 and 0.90, respectively. This underscores the effectiveness of RF and SVM for 

LCLU classification.  

This study used monthly MODIS data extractions to monitor and closely track 

variations in forest greenness using NDVI values derived from MODIS data. This 

process identified areas suitable for elephants to forage in frequently. For HEC hotspot 

detection, the KDE technique was used based on high incident density. This process 

involved assigning weight to conflict incidents within a 5 km radius, considering their 

proximity to the forest, and evaluating greenery changes using NDVI values. This 

method revealed four levels of HEC risk ranging from very high to low. Notably, three 

very high-risk and two high-risk HEC hotspots were situated close to forest 

boundaries. 

The purpose of identifying high-risk HEC zones using remote sensing and GIS 

is to alert communities of high-risk HEC hotspots and provide some guidance for 

implementing HEC mitigation plans. The potential exists to implement the same 

methodologies in other HEC zones in Sri Lanka and other countries with HEC. This 

would readily assist in effective resource allocation, community awareness 

development, data-driven decision-making, and research. As presented in this study, 

integrating remote sensing and GIS in HEC mitigation significantly contributes to 

ongoing efforts to foster a harmonious coexistence between humans and elephants in 

Sri Lanka and other regions facing similar challenges. 
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7.3 Limitations of the current study and recommendations for future 

research 

7.3.1 Limitations 

7.3.1.1 Cloud coverage 

This study has faced a substantial constraint due to cloud coverage, which 

affects the accuracy and resolution of satellite data. Data acquisition became 

particularly challenging on rainy and cloudy days, and minimal cloud coverage is 

essential for obtaining precise, high-quality satellite images and accurately identifying 

LCLU features. Sri Lanka, a tropical region, is susceptible to cloud interference. It is 

thus important to consider the temporal restrictions imposed by cloud coverage. To 

address this challenge, researchers must explore alternative data sources or periods 

with minimal cloud interference.  

 

7.3.1.2 Electric fences 

A significant limitation of the study arises from the reliance on electric fences 

as a mitigation strategy for HEC in Sri Lanka. These barriers may disrupt natural 

wildlife movement patterns, affecting elephant migration and access to essential 

resources. Consequently, the locations of electric fences must be carefully evaluated 

during the data fusion process to enable precise identification of high-risk zones to 

prevent potential misinterpretations. 

 

7.3.1.3 LCLU classification challenges 

The researcher encountered a significant challenge in accurately classifying 

different land types. Alterations to the landscape during and after harvest create 

difficulty in accurately distinguishing these areas. For accurate classification, it is 

necessary to correctly identify without misclassification, such as water-filled paddy 

fields as water sources, the ripening stage of crops as forest, and the harvested stage 

as open land. However, this introduces complexity as seasonal changes in harvesting 

can affect precision. Overcoming these challenges is vital to maintaining the study's 

accuracy and ensuring reliable findings to address HEC in Sri Lanka. 

 

7.3.2 Recommendations for future research  

7.3.2.1 Generalisation 

The study specifically focused on Sri Lanka, which may raise a concern about 

the developed methodology's direct applicability to other regions with differing 
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environmental and socio-economic characteristics. Sri Lanka's unique context may 

not fully represent the complexities present in other areas. Future research efforts 

could explore the adaptability of the developed approach in diverse contexts, 

considering the need for customised strategies to address the complexities of HEC in 

different geographical and socio-economic settings. 

 

7.3.2.2 Improved data collection system 

Improving data collection is crucial for future research on HEC in Sri Lanka. 

Achieving this involves the integration of on-the-ground reports in real-time, facilitated 

by the development of user-friendly mobile apps. Establishing a system for real-time 

reporting, possibly through community engagement with mobile apps, would help 

people respond to conflict events quickly. It is also essential to regularly verify the 

accuracy of reported incidents through community engagement and cross-referencing 

with diverse data sources. Embracing these data-gathering methods through 

continuous monitoring and adaptation strategies based on real-time data can 

significantly enhance our understanding and management of HEC in Sri Lanka. 

 

7.3.2.3 Strengthen hotspot identification 

Additional criteria, such as proximity to human settlements, water holes, and 

crops, should be incorporated to improve accuracy and enhance HEC hotspot 

identification. Proximity to human settlements is due to elephants often entering these 

areas, leading to conflicts. Water holes are vital because elephants require regular 

access to water, making areas near these sources prone to elephant activity. Crops 

are a major attractant for elephants, resulting in frequent crop-raiding incidents. Each 

of these factors can be weighted based on their influence on HEC. Based on the total 

weight of the calculated HEC risk levels, early warning systems can be developed to 

alert communities about potential elephant activity and mitigate the HEC conflict. 
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