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Abstract 

Identifying land use and land cover (LULC) changes is crucial to understanding natural degradation 

and the effects of human pressure in the Chure region of Nepal, where erosion, loss of agricultural lands, 

sedimentation, floods and landslides are common and threaten the livelihoods of local populations. 

Although the region is naturally susceptible to these events, their occurrence has been impacted by the 

influence of government policies and consequential human actions. Only few researchers have 

attempted to characterise historical LULC changes in this region. Moreover, a comprehensive analysis 

of the factors that may influence LULC changes is lacking yet is necessary. 

Hence, this research aims to contribute towards the understanding of landscape dynamics in the Chure 

region; the factors that may influence these changes; and the factors that may affect local people’s 

income from forest resources and their forest dependence. Thus, this research transcends upon previous 

studies and contributes to the scholarly pursuit in four ways. First, it covers the whole extent of the 

Chure region. Second, it quantifies historical transitions and annual rates of forest change between two 

periods 1988 to 2001 and 2001 to 2014; and forecasts LULC transitions under the influence of ‘slope’ 

and ‘population density’ for the year 2027. Third, it identifies the determinants of LULC changes 

considering physiographic, socio-economic and policy variables, including collaborative forest 

management (CFM), protected areas (PAs) and the establishment of President Chure Tarai Madhesh 

Conservation Development Board (PCTMCDB). And fourth, it enhances the analysis by identifying the 

forest income and dependence at a household level through a case study. 

Accordingly, this research offered a methodology to improve classification accuracy of remote sensing 

data, which was applied to Landsat imagery for 1988, 2001, and 2014, allowing the quantification of 

landscape changes. Accordingly, deforestation was found from 1988 to 2001; while slight afforestation 

took place from 2001 to 2014. This could be attributable to the success of the community forestry (CF). 

Also, LULC forecast was achieved by integrating cellular automata Markov transition probabilities with 

a multilayer perceptron neural network (MLP-CA-Markov). Despite population density tending to 

increase and slope remaining constant, the simulation showed increases in forest cover from 2014 to 

2027 at the expense of declines of agricultural and bare lands. 

Furthermore, the main determinants of LULC changes were quantified using a spatially explicit 

econometric model of LULC allocation choices. It was found that conversions from forests to 

agriculture are likely to happen in areas that are flat with soils suitable for agriculture, highly populated, 

and proximate to towns and roads. While the designation of PAs is effective in preventing deforestation 

and degradation, the CFM policy did not show any significant impact on LULC. The effects of the 

PCTMCDB could not be quantified since this policy initiative was relatively new, started in the form 
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of President Chure Conservation Program in 2009, to have an impact in relation to the latest imagery 

(2014) analysed. 

Lastly, a case study was used to understand the households’ perceptions about natural resources, income 

distribution and determinants of forest income and dependence. The information was obtained through 

household surveys in Arun Khola watershed. Accordingly, households report deforestation and forest 

fires as the drivers of degradation in the Chure, as well as overpopulation, natural fragility of the 

landscape and overgrazing as the most damaging factors. In addition, it was found that moderately-

wealthy households receive the highest forest incomes; and poorer households are more forest 

dependent. Factors such as household size, distance to the nearest highway, number of livestock and 

area of non-irrigated agricultural land owned are likely to influence forest income at household level; 

while in addition to these factors, the area of pasture owned, and total household income are significant 

at influencing the level of forest dependence among households. 

The results obtained provide evidence on the state of the landscape and forests in the Chure region and 

the determinants of LULC changes. Likewise, it provides insights into the factors influencing the degree 

of households’ dependence on forest resources. The implications of these findings include contributions 

to policy and decision making by relevant stakeholders, including government agencies, the 

PCTMCDB, and those with interest in designing PAs and regulating harvesting volumes within forests 

under the CF and CFM approaches of forest management. Furthermore, the findings have relevance for 

policies that encourage agricultural intensification to overcome the potential agricultural land 

abandonment that may be taking place in the region.  
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CHAPTER 1 

INTRODUCTION 

1.1 BACKGROUND  

The physical state of the land (land cover) and its human utilisation (land use) result from dynamic 

interactions between natural and anthropogenic forces. Hence, land use and land cover (LULC) changes 

appear in the form of modifications of the landscape elements, with deforestation, expansion of the 

agricultural frontier, and urbanisation as the most common forms. Of particular interest of LULC in 

developing countries is forest dynamics, including deforestation and reforestation, mostly influenced 

by human forces and highly related to peoples’ dependence on forest resources. An example of such 

forest dynamics is found in the central Himalayan region, where more than 90% of the population 

occupies rural areas exerting pressure on the forest. Accordingly, high rates of population growth and 

unequal distribution of lands have forced farmers to expand agricultural activities onto marginal areas 

on high slopes leading to losses in the extent and quality of forests (Rao and Pant 2001).  

The repercussions of deforestation are highly related to the regulation of carbon emissions, hydrological 

processes, nutrients cycling, biodiversity conservation (Mas et al. 2004) and socio-economic benefits 

provided to local populations. For these reasons, deforestation is not an isolated episode. Instead, it is a 

consequence of various interconnected factors (i.e. natural and anthropogenic). Hence, it affects whole 

ecological systems in the form of declines of forest product supplies, watershed and soil degradation 

and limitations of socio-economic activities (Angelsen and Kaimowitz 1999).  

Such is the case in Nepal, where the dependence on forests and subsistence agriculture are high and 

degradation processes are common. Within Nepal, the Chure region is of particular interest from a 

LULC change perspective as it is naturally fragile and prone to degradation. Despite government efforts 

to halt deforestation and promote conservation in this region, there is a lack of comprehensive studies 

that allow understanding of the determinants of LULC changes to assist policy- and decision-making 

(Uddin, Shrestha et al. 2010). In this sense, the quantification of LULC changes provides important 

insights into the state of the landscape at certain points in time. Additionally, more insights can also be 

derived by identifying the drivers or determinants of LULC changes. Moreover, this information could 

be complemented by identifying the forest incomes and the degree of dependence of local populations 

on forest resources; and by understanding what drives their LULC decisions. Only then, important 

information can be generated for the formulation and application of targeted policies to address 

conservation and development activities in the region, including sustaining livelihoods of forest-

dependent communities.  
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A thorough study of LULC changes could include characterisation (classification) of landscape 

features, forecasting of LULC categories and an in-depth analysis of the determinants of these changes. 

This can be achieved by applying different techniques and analytical methods. First, by using remote 

sensing and GIS for landscape analysis and machine learning algorithms for LULC classification. 

Second, prediction techniques such as Markov chains or artificial neural networks may be used by 

including external influential variables for prediction (e.g. topography, demography, policies). Third, 

the analysis of the determinants of LULC change may require the application of spatially explicit 

econometric models of land use allocation choices.  

The GIS and remote sensing present several advantages compared to studies based on field 

observations. First, these techniques allow acquisition of imagery in the non-visible portion of the 

electromagnetic spectrum; from different dates (e.g. historical records) and scales. In addition, it is cost-

effective subject to the availability of freely available data. Moreover, the use of machine learning 

algorithms improves discrimination of LULC categories and image recognition, compared to traditional 

classification techniques (e.g. maximum likelihood) (Rogan et al. 2008). Also,  LULC change 

predictions can be generated by applying Markovian chains that predict future LULC transitions  

(Thomas and Laurence 2006). However, technological advances have improved these methodologies 

by adding mathematical models such as cellular automata (CA) (Behera et al. 2012).  

Furthermore, the analysis of the determinants of LULC change is necessary for the formulation and 

application of policies targeted to environmental management and planning  (Marcos-Martinez et al. 

2017); and can be achieved through a spatially explicit econometric model. Hence, from an economic 

perspective, the model could define the land operator’s choices of land use allocations based on the 

theories of land rent (Ricardo 1911; Von-Thünen 1966). In this case, land rent is dependent on location 

and land quality (Irwin and Geoghegan 2001). Accordingly, the land operator decides which land use 

he or she will allocate to a determined parcel depending on the highest rent generated by a LULC 

category among several alternatives (Nelson, Harris, and Stone 2001; Veldkamp and Lambin 2001). 

The results provide an analysis of the spatial-temporal patterns in the distribution of a set of LULC 

alternatives (Bockstael 1996; Chomitz and Gray 1996; Polyakov and Zhang 2008). 

Moreover, the combination of these methodologies and analyses provides a thorough perspective of 

landscape dynamics and the influential factors; including the interactions between the different actors 

of the land systems. These methodologies and the outputs generated from the analysis can be useful to 

the Chure region of Nepal, where such information is lacking, yet needed. Hence, new policies can be 

created, and existing ones can be assessed and improved, including collaborative forest management 

(CFM); protected area (PA) designation; and the work plan of the President Chure Tarai Madhesh 

Conservation Development Board (PCTMCDB). By these means, management actions can be taken 

that contribute to the wellbeing of local populations and environmental protection in the region.  
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1.2 STUDY AREA 

This research was conducted in the Chure physiographic region of Nepal. The Chure is a ‘belt’ or 

mountain range spreading from West to East throughout Nepal. The region consists of hills that belong 

to the youngest portion of the Himalayan mountain range, and inner Terai valleys spreading between 

the Terai plains and the Mahabharat mountain range. It represents 12.84% of the country’s area 

(147,181 Km2, extended between 80o9’25’ E to 88o11’16’ E and 26o37’47’ N to 29o10’27’ N) that 

comprises about 19,000 km2  of landmass (FRA/DFRS 2014a) extending across 33 out of 77 districts of 

Nepal. It is accessible through the East-West highway at lower elevations. However, access to the hills 

is limited to seasonal roads and walking trails. 

The Chure region geologically belongs to the Paleocene and early Quaternary and consists of shale, 

sandstone and conglomerate (MFSC 1988).  The main soils found in the region are Dystric Regosols 

(RGd), Eutric Gleysols (GLe), Calcaric Fluvisols (FLc),  Ferralic Cambisols (CMo), Gleyic Cambisols 

(CMg), Eutric Cambisols (CMe), Chromic Cambisols (CMx), Haplic Phaezomes (PHd) and Calcaric 

Phaezomes (PHc) (Dijkshoorn and Huting 2009; ISRIC 2009). The elevation ranges from 30 to 1,945 

m above sea level (NASA 2001). The temperature fluctuates between 12°C to 30°C throughout the year 

with a total annual rainfall ranges from 1,138 mm to 2,671 mm throughout the region. Forests cover 

72.37% of the region, with a total of 281 tree species, 186 shrub species and 322 species of herbaceous 

plants. Shorea robusta is the most abundant tree species, followed by Terminalia alata and 

Lagerstroemia parviflora (FRA/DFRS 2014b). The region is highly influenced by tropical humid 

climate and monsoonal rains generated in the South-Asian subcontinent. The summer is hot and wet 

and the winter is mild and dry (MFSC 1988). 

The inner Terai valleys shelter the Chitwan National Park (CNP) and the Bardiya National Park (BNP). 

These conservation areas are important refuges for unique flora and fauna, including the habitat for 

threatened species like the swamp deer (Cervus duvauceli), one-horned rhino (Rhinoceros unicornis), 

Bengal tiger (Pathera tigris) and Asian elephant (Elephas maximus) (Stapp et al. 2016; Studsrød and 

Wegge 1995).  

Due to its geographical location, the Chure profoundly influences the Terai plains located next in the 

South (Figure 1.1). The Terai corresponds to only 17% of the landmass of the country, yet it hosts about 

50% of the population (CBS 2012) and contains most of the land suitable for agriculture (Pariyar 2008). 

Due to physiographic inter-relationships, deforestation and forest degradation in the Chure hills can 

generate floods, sedimentation, siltation, and other degradation processes in the Terai.   
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Figure 1. 1 Chure and Terai physiographic regions of Nepal 

1.3 PHYSIOGRAPHIC, SOCIO-ECONOMIC AND POLICY DETERMINANTS OF LAND 

USE CHANGE IN THE CHURE REGION OF NEPAL  

The Himalayan mountains are geologically fragile and prone to erosion. However, deforestation and 

natural events (e.g. monsoonal rains and earthquakes) accentuate trans-physiographic effects that 

directly disturb the Indo-Gangetic plains. The observed effects include decreases in groundwater 

recharge, siltation, sedimentation, riverbeds rise and increases in the incidence of floods and landslides 

(Eckholm 1975; Ghimire and Higaki 2014; Rao and Pant 2001; Tiwari 2000). 

Accordingly, human intervention directly or indirectly encouraged by government policies has 

historically accentuated degradation processes. Thus, the Chure and Terai were populated by indigenous 

groups, including tharus (Bhattarai, Conway, and Shrestha 2002) who managed forests according to 

sustainable ancient practices. However, after the eradication of malaria, migration and settlement 

programs were implemented and population in these areas boosted in the mid-1950s. Meanwhile, the 

government ‘nationalised’ the forests through the Private Forest Nationalisation Act in 1957 (Agergaard 

1999; Bhattarai, Conway, and Shrestha 2002). The Act deprived local populations of performing 

traditional forest activities, limiting their source of timber, fodder and fuelwood. This had resulted in 

the illegal use of forests and forest degradation (Pandit and Bevilacqua 2011). The Act entitled the 

government to take ownership over forested land. This measure encouraged landowners to cut down 

trees and turn their lands into alternative uses (Pokhrel 2013). At this stage, deforestation and 

environmental degradation were critical causing transboundary floods and landslides at large scales in 

India and Bangladesh (Ives 1987). Development activities and policy initiatives also affected the forests 
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in the Chure region. For example, the East-West Highway that was built in the 1960s and 1970s (Bhuju, 

Yonzon, and Baidya 2007) passes through the Chure region, which implicitly encouraged migration in 

inner valleys, particularly from the hills. 

As a response, the Government of Nepal introduced a participatory approach of forest management in 

1978 in the form of community forestry policy [initially termed as Panchayat Forest (plantation) and 

Panchayat Protected Forests (natural forests)]. This approach allows local forest users to organise 

community forestry user groups (CFUGs) to manage local forests as community forests (CFs). The 

approach was first introduced in the hills of Nepal, together with integrated soil conservation, watershed 

management programs and operational forest management. It resulted in afforestation and a significant 

increase in forest cover (Awasthi et al. 2002; Bajracharya et al. 2010; Bhattarai, Conway, and Shrestha 

2002; Brown and Shrestha 2000). Due to its success, CF policy was then extended to the Chure and 

Terai in 1993 through the new Forest Act (Pandit and Bevilacqua 2011).  

Moreover, certain groups within CFUGs have not been receiving an equitable share in the distribution 

of benefits from CFs due to their socio-economic characteristics including household size, level of 

education, income, land and livestock owned (Adhikari, Di Falco, and Lovett 2004; Sapkota and Odén 

2008). The situation has been reinforced by the inadequate inclusion of poor and disadvantaged 

households in forest activities, limiting the effective and sustainable implementation of an egalitarian 

CF approach (K. C., Abrar, and Makoto 2014; Pandit and Bevilacqua 2011).  

Although several authors have documented the success of CFs on afforestation, biodiversity 

conservation and landscape restoration particularly in the hills, their effectiveness in the Terai is still 

under debate (Nagendra, Karmacharya, and Karna 2005). In this region, forest-dependent populations 

are not getting full benefits from CFs (Bampton, Ebregt, and Banjade 2007). For this reason, the 

Collaborative Forest Management (CFM) policy was created in 2000 (MFSC 2000) and applied in 20 

districts of the Terai and Chure regions. This policy’s main objective was to include close and distant 

stakeholders in the management of government forests to achieve economic benefits while maintaining 

ecological balance (HMG/MFS 2003). Besides, the government created and amended several policies, 

and governing bodies, including the PCTMCDB, whose task is managing activities towards the 

protection of Chure region (MFSC 2014).  

Given the physiographic, socio-economic and policy factors that form the land systems in the Chure 

region, it is important to understand to what degree they influence LULC changes. Likewise, special 

attention should also be paid to the household behaviour that reflects in LULC allocation decisions. 

Therefore, the study of the interactions of these factors may contribute to the creation and revision of 

relevant policies that could contribute to sustainable forest management and improvement of local 

people’s livelihoods in the region. 
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1.4 RESEARCH QUESTIONS AND OBJECTIVES 

Identifying historical landscape changes through LULC change analysis at regional scales is crucial, 

particularly in Nepal where information at a regional scale is lacking to guide the creation and 

application of policies targeted to conservation, forest management and livelihoods. Specifically, there 

is a need for information in the Chure region, particularly by looking at the region as a whole, to identify 

the actors involved in landscape dynamics, including government policies and forest dependent 

communities.  

In addition, it is important to protect the livelihood of forest-dependent communities, the main 

agricultural lands of the country, and two of the most important biodiverse national parks. Therefore, 

generating information is vital to contribute to addressing degradation issues through policy 

intervention. Hence, in order to fulfil these requirements, this research study has three broad objectives 

that include: first, to develop a methodology to identify historical LULC changes in the Chure region, given 

the difficulty to apply remote sensing techniques in the area. Second, to identify the physiographic, socio-

economic and policy determinants behind the historical LULC changes. Third, to identify the main drivers that 

influence the level of households’ dependence on forests resources through the analysis of a case study.  

Accordingly, this study aims to reach these objectives by answering the following research questions: 

1. What is the best methodology to perform LULC analysis using Landsat satellite imageries 

of the Chure region? 

2. What are the main changes in LULC and annual forest change rates from 1988 to 2001 and 

2001 to 2014? 

3. What are the main physiographic, socio-economic and policy determinants of LULC 

change in the Chure region since 1988? 

4. What are the factors influencing household’s dependence on forest resources at a watershed 

level?  

5. What policy recommendations can be derived for the sustainable management of forests 

and livelihoods in the Chure region?  
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1.5 THESIS OUTLINE 

Nepal is a rich country in environmental resources and human groups that interact in complex systems 

whose players include a fragile landscape, forestry dependent populations and government policies 

attempting to address the issues emerging from these interactions. However, the country is lined by 

political crises, out-migration, abandonment of productive mountain lands, and unregulated remittance 

economies whith livelihood opportunities in constant threat (Ojha et al. 2016). The situation is worsened 

by natural disasters and environmental degradation that result form the natural physiographical settings 

and the inadequate mitigation of local populations to climate change, natural hazards and socio-

environmental disasters (Satyal et al. 2017).   

In this sense, the government sector has tried to achieve forests conservation and safeguard livelihoods, 

however, it has not completely halted deforestation, guaranteed livelihoods and people’s safety (Ojha 

et al. 2016), nor has achieved a thorough inclusion of all the stakeholders’ in decision-making processes  

(Ojha et al. 2014) especially those who are socio-economically marginalised (Ojha et al. 2016).  

Therefore, analysing landscape dynamics, human participation and political engagement is crucial to 

formulate accurate policies that fulfill environmental and societal expectations. Thus, an approach to 

integrate environmental and development concerns with an emphasis on decision-making processes is 

needed (Satyal et al. 2017); and in addition a clearer theory of change that could achieve a balance 

between forest governance, nature and society (Ojha et al. 2016).  

In this sense,this thesis examines the interactions between the environmental, political and economic 

processes and policies, and changes in LULC focusing on the Chure Region of Nepal. Because drivers 

of LULC change generally occur at a local level, an empirically informed understanding of such 

changes is required for policy design and improvement. The Political Ecology framework, originally 

proposed by (Blaikie and Brookfield 2015), first published in 1987, allows to couple the physical 

changes experienced in the land, and issues like deforestation, agricultural expansion, socio-economic 

factors and policy-related interactions in a thorough manner. Therefore, this thesis aims to adopt these 

concepts as presented in an organisation workflow in Figure 1.2.  

This thesis consists of six chapters. Two chapters correspond to the introduction to the study and the 

conclusions obtained, and the other four are based on manuscripts prepared as a series of papers. Each 

manuscript will be submitted to relevant scientific journals. Hence, Chapter 1 contains the background 

information, the study area and the research questions that this thesis aims to answer. Chapter 2 presents 

a methodology that allows achieving a satisfactory LULC classification accuracy of Landsat satellite 

imageries corresponding to the year 2014 of the Chure region. Chapter 3 presents a detailed historical 

LULC analysis of the Chure region for the years 1988, 2001 and 2014 and a LULC forecast for the year 

2027. Chapter 4 presents an analysis of the determinants of LULC change from 1988 to 2014. Chapter 
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5 presents a case study that presents the households’ perceptions about natural resources and analyses 

of the households’ sources of income and dependence on forest. Chapter 6 presents the conclusions 

derived from this study and the policy implications for the conservation and protection of the Chure 

region of Nepal.  

 

Figure 1. 2 Thesis organisation workflow  

 

Given the structure of the thesis and the research objectives, all chapters are linked to one another. 

However, the thesis is structured in a way that each chapter can be read individually so the reader may 

find the information most relevant and useful for their personal purposes. Repeated information may be 

found, particularly in the description of the study area and some methodological details.  
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CHAPTER 2  

THE CONTRIBUTION OF LANDSAT OLI SPECTRAL BANDS, TEXTURES, TERRAIN 

FEATURES AND SPECTRAL INDICES ON CLASSIFICATION ACCURACY IN THE 

CHURE HILLS, NEPAL  

Abstract 

This chapter examines the contribution of Landsat Operational Land Imager (OLI) spectral bands, 

Haralick textures, terrain features and spectral indices to classification accuracy in the Chure region of 

Nepal. Accordingly, seven image metrics were generated: i) seven spectral bands (1, 2, 3, 4, 5, 6,7); ii) 

four spectral bands (2, 3, 4, 5) that emulate the spectral range of the Landsat Multispectral Scanner 

(MSS); iii) Haralick textures derived from seven spectral bands; iv) Haralick textures derived from four 

spectral bands; v) terrain features; vi) spectral indices derived from seven spectral bands; and, vii) 

spectral indices derived from four spectral bands. Each individual metric and in combination resulted 

in 29 data sets, which were classified using a support vector machine (SVM) into target land use and 

land cover (LULC) classes.  

Results show that the highest classification accuracy is achieved by including seven spectral bands only. 

High classification accuracy can be achieved also through the inclusion of only four spectral bands from 

the OLI sensor. Low increases can be also accomplished by including four spectral bands with spectral 

indices and four spectral bands with terrain features and spectral indices, although the increases are not 

highly significant. Conversely, the addition of terrain features and Haralick textures decreases 

classification accuracy, indicating that their use is not recommended for LULC classification of the 

Chure region of Nepal. 

2.1 INTRODUCTION  

Mapping the terrain and particularly identifying vegetation and land utilisation provides an avenue for 

planning, monitoring and sustaining natural resources and populations. Land use and land cover 

(LULC) analysis has a direct impact on water, atmosphere, and soil erosion and is therefore directly 

related to many environmental issues of global importance (Ullah et al. 2017). However, large and 

inaccessible areas are hard to monitor by in situ techniques due to physical and logistical limitations. 

Therefore, remote sensing provides tools to successfully monitor the landscape making use of high, 

medium and low-resolution imageries. Ideally, high-resolution imageries may result in more accurate 

maps of LULC (Aguirre-Gutiérrez, Seijmonsbergen, and Duivenvoorden 2012), however, these 

imageries are expensive and not available for all areas. On the contrary, the Landsat suit represents the 
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most complete dataset available worldwide, however, the quality is not always optimal in particular in 

areas with rugged terrain and variable atmospheric conditions. 

LULC analysis of rugged terrain presents several challenges when classifying remotely sensed data into 

LULC classes. These challenges are largely attributable to the inherent characteristics of a passive 

multispectral sensor and include atmospheric and/or topographical effects on spectral values; the latter 

being particularly important in steep and varied terrain. For example, a location with an aspect-oriented 

away from the sun relative to the sensor at the time of image capture would appear darker (i.e., lower 

spectral values) than one with an aspect facing towards the sun, despite those locations sharing the same 

land cover (Richter, Kellenberger, and Kaufmann 2009). Topographical effects also include shadowing 

by high relief features of neighbouring areas, which generally could result in both more intensive pre-

processing of the imagery and lower classification accuracy overall (Basnet and Vodacek 2015; KC. 

2009; Pôças et al. 2011), which may be reflected on thematic maps of lower quality.  

Thus, the classification of remote sensing data in mountainous terrain is problematic resulting in biased 

reflectance data. Accuracy assessment may be used as an indicator of the reliability of the produced 

map. Since any resulting map obtained from the classification of remotely sensed data is simply a model 

or generalisation, it will contain error, which should be minimised as much as possible.Obtaining low 

classification accuracies has been a problem in mountainous regions throughout the world, and several 

researchers have attempted to develop specific methodologies that improve the classification by testing 

the inclusion of ancillary data, the performance of atmospheric and topographic correction techniques, 

classification methods and/or multisensory data, etc.  

Some examples of problematic areas for remote sensing are the Romanian Carpathians (Vanonckelen 

et al. 2014), Vorarlberg-Austria (Dorren, Maier, and Seijmonsbergen 2003), the Pyrenees, Spain 

(Gartzia et al. 2013), Sierra Madre-Mexico (Aguirre-Gutiérrez, Seijmonsbergen, and Duivenvoorden 

2012), Northern Thailand (Wang, Feng, and Vu Duc 2012) and the Himalayas (Eiumnoh and Shrestha 

2000; KC. 2009; Shrestha and Zinck 2001), where the authors have attempted to obtain new 

methodologies to increase classification accuracy. Thus, to achieve satisfactory LULC characterisation 

or change detection several decisions have to be made, including which sensor information is needed 

and then which methods (need to) could be applied. 

Hence, there is a lack of information to guide the selection of a remote sensor and which ancillary data 

to include, in the Himalayan region in particular. First, one should consider the location, purpose of the 

study and working budget, since most sensors differ on accessibility, spatial, spectral and temporal 

resolutions. Within the freely available platforms, the Landsat comprises a range of satellites, from the 

Multispectral Scanner (MSS) launched in the 70’s providing four spectral bands at 60m spatial 

resolution; to the Landsat Operational Land Imager (OLI) providing eight spectral bands at 30m and 
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one panchromatic band at 15m spatial resolution since 2013. Spectral bands record information at 

different wavelengths, allowing identification of landscape features solely or in combination. For 

example, chlorophyll absorbs light strongly in the blue and red regions of the electromagnetic spectrum 

used for photosynthesis processes (Heenkenda et al. 2015) facilitating the identification of different 

plant species, and different plant physiologic processes. Thus, it is important to identify the spectral 

bands with the highest predictive performance to model spatial variation of chlorophyll (Heenkenda et 

al. 2015) and/or to perform change detection studies.  

Second, one should determine if it is necessary the inclusion of ancillary data derived from either an 

external data source (e.g., a digital elevation model; DEM) (Dorren, Maier, and Seijmonsbergen 2003; 

KC. 2009) or from the image data itself (e.g. spectral indices, textures) (Agüera, Aguilar, and Aguilar 

2008; Attarchi and Gloaguen 2014; Chica-Olmo and Abarca-Hernández 2000; Nguyen and Pham 2016; 

Peña-Barragán et al. 2011; Rodriguez-Galiano et al. 2012; Yesilnacar and Süzen 2006; Zhong, Gong, 

and Biging 2014). These techniques aim to attenuate topographic effects and enhance image features 

and so improve classification accuracy, with varying degrees of success. Some previous research has 

focused on determining the best way to select and/or assemble these methods in mountainous regions 

(Gartzia et al. 2013; KC. 2009; Mishra et al. 2009; Nguyen and Pham 2016; Pimple et al. 2017; Vicente-

Serrano, Pérez-Cabello, and Lasanta 2008). However, in the Himalayan hills minimal research is 

available to guide the choice of image pre-processing techniques, ancillary data and spectral band 

combinations to optimise LULC classification outcomes. Therefore, evaluating the relative usefulness 

of each of these techniques to achieve satisfactory classifications within the region is a research priority.  

In this study, we restrict ourselves to Landsat imagery, due to the requirement to undertake historical, 

long-term LULC change analysis. Therefore, we use imagery from the OLI sensor from the Chure 

region of Nepal and focus on these decision metrics: i) the number of spectral bands (given different 

number of bands the Landsat sensors have through time); and, ii) whether to include derivative 

information bands, such as Haralick textures, spectral indices, or topographic features in order to 

improve LULC classification accuracy. 

Thus, the main objective of this study is to quantify the usefulness of each parameter alone or in 

combination to achieve satisfactory overall classification accuracy. For this, several combinations from 

a set of metrics will be created that include: seven sensor spectral bands, four-sensor spectral bands, 

Haralick texture metrics, spectral indices and terrain features derived from a global DEM (GDEM). 

Each combination will be classified using a support vector machine (SVM) and the overall classification 

accuracy of each data set will be assessed using statistical analysis.  

In order to achieve this goal, several steps will be followed: i) reduction of inter-scene variability using 

a tailored imagery normalisation scheme; ii) construction of principal components (PCs) derived from 



16 

each combination of metrics data sets; iii) selection and application of training samples; iv) 

classification of each combination of metrics data sets; and, v) statistic evaluation of overall 

classification accuracies resulting from each classification. 

The combination of data set metrics with the most satisfactory classification performance will be 

selected and used to generate a final LULC map. The methodology here developed may contribute to 

LULC analysis in the Himalayas, and may provide valuable information to increase classification 

accuracy in mountainous regions worldwide.  In addition, this research may provide a base for change 

detection studies with further use in planning, policy formulation, conservation activities, landscape 

monitoring and sustainable development practices. 

2.2 MATERIALS AND METHODS 

2.2.1 Study area 

This study was performed in the Chure physiographic region which spans Nepal from West to East and 

comprises 12.84% of the nation (80o9’25’ E to 88o11’16’ E; 26o37’47’ N to 29o10’27’ N). This region 

belongs geologically to the Paleocene and early Quaternary and consists of shale, sandstone and 

conglomerate (MFSC 1988). The elevation ranges from 30 to 1,945 m above sea level (NASA 2001). 

The temperature fluctuates between 12°C to 30°C throughout the year with a total annual rainfall that 

varies from 1,138 mm to 2,671 mm throughout the Chure concentrated mainly during monsoonal 

seasons. Forests cover 72.37% of this region, with Shorea robusta as the most representative tree 

species (FRA/DFRS 2014).  

2.2.2 Image processing overview  

LULC classification of the Chure using satellite imagery is challenging given the diversity of landscapes 

present within Nepal. These landscapes are subject to cloud coverage, atmospheric episodes, and 

topographic shadows. Also, extreme reflectance values are given by the presence or absence of snow 

and water bodies, and differences in forest phenology that vary widely through time.  

Despite these conditions, seven Landsat OLI scenes were acquired across October 2014 and April 2015 

(Table 2.1), captured within the pre-monsoon season when the moisture content of vegetation is low, 

but before seasonal defoliation has occurred (K.C., 2009; Bhattarai, Conway, & Yousef, 2009; Bhattarai 

& Conway, 2008; K.C., 2011; Chettri, Uddin, Chaudhary, & Sharma, 2013; Muinonen, Parikka, 

Pokharel, Shrestha, & Eerikäinen, 2012; Panta et al., 2008; Uddin et al., 2010).  
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Table 2.1 Landsat OLI scenes 

Date scene Scene ID Path/Row Notation 

2015-04-19 LC81440402015109LGN00 144/40 S1 

2014-10-18 LC81430412014291LGN00 143/41 S2 

2015-11-06 LC81430402015310LGN00 143/40 S3 

2014-10-27 LC81420412014300LGN00 142/41 S4 

2015-10-07 LC81410412015280LGN00 141/41 S5 

2015-02-02 LC81400412015033LGN00 140/41 S6 

2014-10-22 LC81390422014295LGN00 139/42 S7 

 

In addition, a 30 m resolution GDEM was obtained from the Advanced spaceborne thermal emission 

and reflection radiometer (ASTER) (NASA 2001) for topographic corrections of the imagery; and 

Nepal vector data to define the study region (ICIMOD 2015).  

The image processing workflow may be grouped into two core tasks: the first is the pre-processing of 

the imagery to generate candidate sets of metrics of band value and pattern (steps A-E; Figure 2.1); the 

second is the application of segmentation and classification of the constructed PCs into target LULC 

classes (steps F-I; Figure 2.1). The candidate data sets vary as to what image metrics are included in the 

set. They also represent different types or increasing levels of information being included in the 

classification. Each classification is assessed for performance (step J; Figure 2.1), so as to compare the 

impact of different information metrics on classification accuracy. 
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Figure 2. 1 Flowchart describing the methodology applied 
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A) Selection of spectral bands and scenes 

To emulate both the OLI and MSS sensors two image stacks were built from the OLI imagery. The first 

stack included bands one to seven to represent the OLI sensor. The second stack included bands two to 

five to represent the MSS spectrum (0.5 - 1.1 µm) (Table 2.2). Hence, the contribution to the 

classification accuracy of seven bands over four bands will be assessed, based on band availability only.  

Table 2.2 Band designations Landsat OLI  

Bands Wavelength (µm) Included in the analysis 

Band 1 - Ultra Blue 0.43 - 0.45 Yes 

Band 2 – Blue 0.45 - 0.51 Yes 

Band 3 – Green 0.53 - 0.59 Yes 

Band 4 – Red 0.64 - 0.67 Yes 

Band 5 - Near Infrared (NIR) 0.85 - 0.88 Yes 

Band 6 - Shortwave Infrared (SWIR) 1.57 - 1.65 Yes 

Band 7 – SWIR  2.11 - 2.29 Yes 

Band 8 – Panchromatic 0.50 - 0.68 No 

Band 9 – Cirrus 1.36 - 1.38 No 

 

B) Atmospheric, topographic correction and image standardisation 

Atmospheric correction reduces the differences in spectral values between scenes that may originate 

from inner sensor characteristics and/or scattering effects in the atmosphere.  The key reasons for 

applying the atmospheric correction to this study are a) multi-date scenes were acquired; b) capacity for 

change detection analysis is desirable; and, c) training samples may be generalised across scene overlaps 

(Song et al. 2001). Thus, the atmospheric correction was performed through dark objects extraction 

(DOS2; Chavez, 1988) through the i.landsat.toar module within GRASS GIS (GRASS D.T. 2015). The 

DOS2 model was chosen since it is purely based on the image measurements and does not require in 

situ atmospheric information (Lu et al. 2002). 

Additionally, topographic shadows were corrected through a hill shading model (Horn 1981) computed 

from the slope and aspect of the GDEM. Existing clouds were removed with the Landsat land data 

operational product evaluation (LDOPE) toolset (Roy et al. 2002). Moreover, a 10 m buffer was created 

around each LDOPE identified cloud to eliminate any neighbouring high reflectance pixels that were 

not captured by the LDOPE tool.  In total, an area of 453 km2 out of 18,981 km2 was removed, equivalent 

to 2.39% of the area of the region 
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In addition, the presence and absence of landscape features among the selected scenes may result in 

highly variable reflectance values for the same landscape feature (i.e. reflectance values of pixels 

corresponding to forest within two different scenes may highly differ due to the presence of a high 

reflective body such as ice or snow in one scene and its absence in the other one).  

These discrepancies are particularly influential on the quality of regional landscape analysis and 

modelling. Therefore, it is required to apply a data processing method to obtain consistent imagery 

information across multiple images covering a large area. For this reason, the imagery chain 

standardisation (ICS) method (Meng 2015) was applied. Following this approach, we selected scene 4 

(S4) as the reference to normalise the nearest neighbouring or target scenes (S2 and S5). These scenes 

became new references to normalise the nearest neighbouring scenes according to the overlapping 

values in the path and/or row directions.  Each scene was processed band-by-band in a chain process 

away from S4 until all scenes covering the Chure region were completed.  

For this, linear regression models without the intercept (Eq. 2.1), were created, where y denotes the 

value of the reference that overlaps with the target scene, b is the value of the target that overlaps with 

the reference scene and β is the slope.  

y = β ∗  b                     (Eq. 2.1) 

Then, the correction coefficient was applied to the entire target scene (Eq. 2.2), where In is the 

normalised target, It is the original scene and β is the regression coefficient.  

In =  
It

β
                                                                                                    (Eq. 2.2) 

C) Mosaicking 

Each pre-processed band was mosaicked in the software R (R Development Core Team 2015), resulting 

in a nearly seamless map of the whole study area.  

D) Calculation of metrics 

i. Haralick textures 

Texture analysis from a geo-statistic point of view accounts for the variance of the distribution of digital 

numbers within an image and the spatial autocorrelation associated with LULC classes (Rodriguez-

Galiano et al. 2012). Hence, seven texture metrics (Haralick, Shanmugam, and Dinstein 1973) were 

computed in each band as in Zvoleff (2015) within the R software environment (R Development Core 

Team 2015). The Haralick textures metrics calculated include: mean, variance, homogeneity, contrast, 

dissimilarity, entropy and second moment.  
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Subsequently, the calculated bands of textural (spatial) information were grouped into two sets for 

further analysis: a) textures calculated from seven bands; and, b) textures calculated from four bands 

(step D; Figure 2.1). 

ii. Terrain features 

Terrain features provide information about landscape patterns and topographical properties. Hence, five 

terrain features that characterise the land (i.e. slopes, valleys, ridges, etc.) were calculated. These metrics 

include slope (degree of inclination), aspect (orientation of the slope), roughness (difference between 

the maximum and the minimum value of a cell and a specified neighbour), terrain ruggedness index 

(TRI; elevation difference between adjacent cells) and topographic position index (TPI; difference 

between the value of a cell and the mean value of its 8 neighbouring pixels). These features were 

calculated as in Hijmans (2015), using the GDEM data with the package ‘raster’ in the R environment 

(R Development Core Team 2015) (step D; Figure 2.1).  

iii. Spectral indices 

Spectral indices are mathematical combinations of spectral bands mostly in the visible and NIR regions 

of the electromagnetic spectrum (Bannari et al. 1995; Viña et al. 2011); that rely on absorption (red) 

and scattering processes (NIR), related to the chemical and structural properties of the vegetation (Joyce 

and Phinn 2013). Spectral indices allow identification of vegetation activity, extraction of variability 

given by vegetation characteristics, and decrease of soil, atmospheric, and sun-target-sensor geometry 

effects (Moulin and Guerif 1999). Therefore, we tested different spectral indices to quantify their 

contribution to classification accuracy.  

Thus, thirteen spectral indices were calculated as in Leutner (2015) using the package ‘RStoolbox’, 

within the R interface (R Development Core Team 2015) that include: difference vegetation index 

(DVI), two-band enhanced vegetation index (EVI2), modified soil adjusted vegetation index (MSAVI), 

modified soil adjusted vegetation index 2 (MSAVI2), normalised difference vegetation index (NDVI), 

normalised difference water index (NDWI), normalised difference water index 2 (NDWI2), soil 

adjusted index (SAVI), soil adjusted total vegetation index (SATVI), specific leaf area vegetation index 

(SLAVI), simple ratio vegetation index (SR), transformed vegetation index (TVI) and weighted 

difference vegetation index (WDVI). Following, the calculated spectral indices were grouped in: a) 

derived from seven spectral bands (DVI, EVI2, MSAVI, MSAVI2, NDVI, NDWI, SAVI, SR, TVI and 

WDVI); and, b) derived from four spectral bands (NDWI2, SATVI, SLAVI) (step D; Figure 2.1).  

E) Metrics combinations 

The spectral bands and computed metrics were combined into n=29 metrics data sets (nM). The broad 

groups include: a) spectral bands; b) single metric; c) spectral bands with one metric; d) spectral bands 
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with multiple metrics; and, e) multiple metrics excluding spectral bands. The components of each 

combination and notations are listed in Table 2.3 (step E; Figure 2.1). 

Table 2.3 Detailed metrics combinations: spectral bands, texture metrics, terrain features and spectral indices 

 

                 Metric 

Group 

Metrics 

data set 

notation  

Seven 

spectral 

bands 

Four 

spectral 

bands 

Texture 

metrics 

(seven 

bands) 

Texture 

metrics 

(four 

bands) 

Terrain 

features 

Spectral 

indices 

(seven 

bands) 

Spectral 

indices 

(four 

bands)  

Spectral bands 
1M x       

2M  x      

Single metric 

3M   x     

4M    x    

5M     x   

6M      x  

7M       x 

Spectral bands 

with one metric 

8M x  x     

9M x    x   

10M x     x  

11M  x  x    

12M  x   x   

13M  x     x 

Spectral bands 

with multiple 

metrics 

14M x  x  x   

15M x  x   x  

16M x    x x  

17M x  x  x x  

18M  x  x x   

19M  x  x   x 

20M  x   x  x 

21M  x  x x  x 

Multiple metrics 

excluding spectral 

bands  

22M   x  x   

23M   x   x  

24M     x x  

25M   x  x x  

26M    x x   

27M    x   x 

28M     x  x 

29M    x x  x 
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F) Principal component analysis  

The creation of combinations of multiple metrics into single data sets results in high dimensionality and 

potentially highly correlated information. Hence, principal component analysis (PCA) was conducted 

for each dataset using the package ‘stats’ with the R software (R Development Core Team 2015). For 

each data set, random sample points were used to calculate the correlation matrix, which afterwards 

was used to predict PCA in the whole study area.  

For further classification, 20 PCs were selected for large data sets that were equal to or exceeded 20 

bands. For data sets with less than 20 bands, the maximum number of PCs available was selected (step 

F; Figure 2.1). 

G) Segmentation 

Image segmentation defines homogeneous groups of pixels or regions that have similar spectral and/or 

spatial characteristics (Bhaskaran, Paramananda, and Ramnarayan 2010) called objects or classes of 

objects (Ryherd and Woodcock 1996) defined as ‘segments’. Segments may be defined by using 

segmentation algorithms that build up spatial proximity of like classes in images (Blaschke 2003). 

Accordingly, each data set was segmented using the stable segmentation algorithm (Michel, Youssefi, 

and Grizonnet 2015) using Orfeo ToolBox (OTB Development Team 2016) through a R wrapper (R 

Development Core Team 2015). Each segmentation involved four steps yielding vector files of defined 

landscape features with numerical information correspondent to each band. 

The designation of parameters values required by the segmentation algorithm depends on the 

characteristics of the images and the purpose of the study (Yue and Zhang 2010). Hence, we used trial 

and error aiming to achieve: a) acceptable level of heterogeneity within segments; b) demarcation of 

landscape features visible to the naked eye; and, c) accurate performance of the algorithm (step G; 

Figure 2.1). Accordingly, the parameters that dictated the development of the algorithm were: minimum 

object size, spatial radius, range radius, the maximum number of interactions, minimum region size, 

minimum object size and size of tiles in pixel. Each parameter was tested in a range of 1 to 10 first and 

with the other parameters being left constant to the impact of each one in image segmentation. If no 

favourable segments were observed, the range tested was from 10 to 10 until changes were observed. 

Therefore, several tests were achieved until visual segments that accurately represented the image 

features obtaining the following final values: minimum object size, spatial radius 7, range radius 2, the 

maximum number of interactions 300, minimum region size 10, minimum object size 1 and size of tiles 

in pixel 150. 

H) Training sample selection and application 
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Training samples are segments of similar spectral characteristics that dictate the information needed by 

the classification algorithm to make predictions. Training samples were selected from the segmented 

polygon corresponding to the 8M data set (Table 2.3) ensuring that enough variability was retained so 

that the data were representative of each category. It was assumed that the training samples would be 

better identified from a data set that includes all spectral bands and texture metrics, since these 

parameters may improve identification of landscape features. 

The sampling technique developed by Nery, Sadler, Solis-Aulestia, White, & Polyakov, (2019) was 

used and adjusted to the purpose of this research. Accordingly, the study area was split into six grids, 

aiming to sample at least 0.20% (450) of segments of each grid. Further, one of the target LULC 

categories (Table 2.4) was designated to each training sample after verification using Google Earth 

imagery (Google Inc. 2015) and field recognition of key points.  

Table 2.4 Land use and land cover categories  

Category No.  LULC categories Description 

1 Agriculture Built-up areas, cultivated areas and grasslands 

2 Bare land 
Areas with no vegetation cover, bare riverbeds, stony and gravel 

areas, uncultivated agricultural lands, gullies. 

3 Forest Land areas covered with trees 10 - 40% canopy cover 

4 Water 
Water bodies including perennial and seasonal rivers, lakes; natural 

and man-made ponds, flooded lands, lakes and/or reservoirs.  

It is important to mention that despite built-up areas having different spectral responses than agricultural 

fields and grasslands they were joined as one single category. The reason behind is that during the field 

recognition it was noticed that the distribution of buildings and houses is mainly scattered and the 

constructions usually contain agricultural land.  In addition, despite the low area represented by water 

bodies, this research considers that this category is important to be accounted for as an indicator of the 

presence and distribution of this resource.    

Centroids were created from the selected training samples which were applied and interpolated over all 

the remaining segmented data sets. For this, the centroid containing the attribute ‘land use and land 

cover category’ transferred this information over the pixel located in the same spatial location of all 

data sets (step H; Figure 2.1).    

I) LULC classification  

SVM was the algorithm used for the classification of data sets into target LULC categories. SVM is 

proficient at features recognition (DeFries and Chan 2000) and at generalisation (Bazi and Melgani 

2006; Foody and Mathur 2004; Mountrakis, Im, and Ogole 2011) particularly when using limited 
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amount of training data. Hence, the algorithm was applied in each of the 29 data sets using the ‘caret’ 

(Kuhn 2016) and ‘kernlab’ (Karatzoglou et al. 2004) packages within the R software. 

Accordingly, 70% of the segmented samples were designated as training and, the remaining 30% as 

validation sets (Attarchi and Gloaguen 2014; Meng 2015). Following, the ‘radial’ kernel function was 

selected (Attarchi and Gloaguen 2014; Foody et al. 2006; Yang et al. 2015) and a grid-search was 

performed on the penalty and width parameters (∁ and γ) using a repeated k-fold 5 cross-validation 

(Hsu, Chang, and Lin 2003; Li et al. 2014). Consequently, 29 LULC classification models were 

obtained; overall accuracy, Kappa coefficients were recorded; and LULC maps were created. 

J) Statistical analysis 

To assess the impact of the different metrics combinations on classification accuracy we performed a 

linear regression analysis using binary variables representing each image metric and their first order 

interaction (Eq. 2.3): 

y =  α + β1x1 + β2x2 + β3x3 + β4x4 + ∑ ∑ βi,jxixj
𝑖
𝑗=1

4
𝑖=1 + 𝜀    (Eq. 2.3) 

where α is a constant representing the expected mean classification accuracy in the absence of all the 

predictors’ reference groups; β1 − β4 and βi,j are the calculated coefficients; x1 represents seven 

spectral bands for the spectral bands, textures and indices (with four bands a reference category); x2 

represents Haralick textures; x3 represents terrain features; x4 represents spectral indices; and,  𝜀 is an 

error. 

2.3 RESULTS AND DISCUSSION 

The Landsat imageries were processed into 29 metrics data sets, each composed of different image 

metrics aiming to identify which metrics contributed most to classification accuracy and which metrics 

were essentially redundant information. For discussion purposes, the metrics were divided into groups 

that were considered either individually or in combination (i.e., ‘terrain’, ‘texture’, ‘indices’, and the 

original ‘bands’ from which the other metric groups were derived). We then calculated the confusion 

matrices, overall classification accuracies and Kappa coefficients for the classification of each metrics 

data set in relation to the reference data (i.e., validation set derived from the training samples; Table 

2.5). Importantly, the classification accuracies were ‘noisy’, with no strict pattern observed in relation 

to the metric group combinations of each data set. To counter the effect of the ‘noise’, then a linear 

regression of classification accuracy values for each data set on metric group membership was applied.  
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Table 2.5 Overall accuracy and Kappa coefficients of the classification of data sets metric groups 

Metric combination 
Data 

set 
Metric group 

Overall 

accuracy 

Kappa 

coefficient 

Spectral bands 
1M 7 bands 0.926 0.906 

2M 4 bands 0.819 0.768 

Single metric group 

3M Textures (7 bands) 0.685 0.601 

4M Textures (4 bands) 0.830 0.785 

5M Terrain features 0.391 0.219 

6M Spectral indices (7 bands) 0.809 0.758 

7M Spectral indices (4 bands) 0.763 0.699 

Spectral bands with one metric 

8M 7 bands; textures (7 bands) 0.860 0.822 

9M 7 bands; terrain features 0.698 0.606 

10M 
7 bands; spectral indices (7 

bands) 
0.827 0.781 

Spectral bands with one metric 

11M 4 bands; textures (4 bands) 0.715 0.639 

12M 4 bands; terrain features 0.693 0.611 

13M 
4 bands; spectral indices (4 

bands) 
0.799 0.744 

Spectral bands with multiple metrics 

 

14M 
7 bands; textures (7 bands); 

terrain features 
0.851 0.811 

15M 
7 bands; textures (7 bands); 

spectral indices (7 bands) 
0.852 0.812 

16M 
7 bands; terrain features; 

spectral indices (7 bands) 
0.727 0.652 

17M 

7 bands; textures (7 bands); 

terrain features; spectral indices 

(7 bands) 

0.875 0.842 

18M 
4 bands; textures (4 bands); 

terrain features 
0.606 0.504 

19M 
4 bands; textures (4 bands); 

spectral indices (4 bands) 
0.690 0.606 

20M 

 

21M 

4 bands; terrain features; 

spectral indices (4 bands) 

4 bands; textures (4 bands); 

terrain features; spectral indices 

(4 bands) 

0.726 

 

0.685 

0.653 

 

0.600 
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Metric combination 
Data

set 
Metric group 

Overall 

accuracy 

Kappa 

coefficient 

Multiple metrics excluding spectral bands 

22M 
Textures (7 bands);           

terrain features  
0.856 0.818 

23M 
Textures (7 bands);         

spectral indices (7 bands) 
0.854 0.815 

24M 
Terrain features;              

spectral indices (7 bands) 
0.672 0.587 

25M 

Textures (7 bands); terrain 

features; spectral indices          

(7 bands) 

0.855 0.816 

26M 
Textures (4 bands);           

terrain features 
0.692 0.607 

27M 
Textures (4 bands);         

spectral indices (4 bands) 
0.702 0.623 

28M 
Terrain features;              

spectral indices (4 bands) 
0.699 0.619 

29M 

Textures (4 bands);            

terrain features;                

spectral indices (4 bands) 

0.729 0.651 

2.3.1 Classification of spectral bands 

Classifying seven spectral bands (1M) produced the highest classification accuracy (0.926; Table 2.5; 

Figure 2.2) from among all data sets, while classification of four spectral bands (2M) was 0.819 (Table 

2.5).  The confusion matrix derived from the classification of the 1M data set is presented in Table 2.6. 

The contribution of the spectral information of bands one, six and seven of the Landsat OLI sensor 

resulted in an increase of 0.107. At first sight the classification of only spectral bands is achievable and 

shows promising results, however, more analysis is needed to understand the influence of additional 

inputs on classification accuracy which will be presented in the following sections.  

2.3.2 Classification of a single metric group 

The classification of textures metrics computed from seven bands (3M) reported an overall accuracy of 

0.685, while texture metrics computed from four bands (4M) was 0.830.  

The augmentation of spectral bands with a GDEM alone has been suggested to improve classification 

accuracy for mountainous and hilly areas (Dorren, Maier, and Seijmonsbergen 2003; KC. 2009). 

However, when the GDEM derived metrics (including the GDEM itself) were applied solely by 
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themselves then classification accuracy was poor; for the 5M model overall accuracy was 0.391. 

Clearly, the spectral information is essential to maximising classification success. Moreover, any errors 

in the GDEM representation of the topography will propagate through the classification workflow and 

result into poorer classification outcomes.    

In contrast, spectral indices proved useful in mapping the LULC across the Chure region, reporting a 

higher classification accuracy than either the textural metrics or terrain metrics alone. Moreover, 

classification accuracy for the data sets including the spectral indices derived from seven bands was 

higher (6M = 0.809) than that derived from four bands (7M = 0.763). This result is consistent with the 

comparison between the 1M and 2M models, with the inclusion of one or more shortwave infrared 

bands allowing computation of the NDWI2, SATVI and SLAVI indices. These results agree with KC. 

(2009), who found that classification of band ratios (4/3, 5/4, 5/7) for Landsat multispectral scanner 

(MSS), TM and Indian remote sensing (IRS) yielded the highest accuracy. 

2.3.3 Classification of spectral bands with one metric group 

To quantify the classification accuracy of the combination of spectral bands with texture metrics, 

spectral indices and terrain features, the two groups of spectral bands were combined with one metric 

group as in data sets 8M-13M.  

The addition of textures metrics to seven spectral bands (8M) resulted in an overall classification 

accuracy of 0.860 (Table 2.5). Also, the classification of 10M resulted in a decrease of overall accuracy 

of 0.033, suggesting that the inclusion of texture metrics outperforms the addition of spectral indices 

when the metrics are calculated from seven spectral bands. On the contrary, the inclusion of spectral 

indices outperforms the addition of texture metrics when they are calculated from four spectral bands. 

Accordingly, the classification accuracy of 13M was 0.799 and 11M was 0.715.  

Table 2.6 Confusion matrix of LULC classification of dataset 1M 

Classified               Agriculture 
Bare land                Forest                Water                 Total               Corrected 

sampled 

Agriculture 231 14 3 1 249 231 

Bare land 5 137 0 3 145 137 

Forest 11 1 342 0 354 342 

Water 0 0 0 106 106 106 

Total 247 152 345 110 854 816 
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These findings show that the inclusion textures metrics would not be recommended when using only 

four spectral bands. Instead, the inclusion of spectral indices could increase classification accuracy in 

an efficient way for this hilly Himalayan region. 

In addition, the classification accuracies of 9M and 12M were 0.698 and 0.693 respectively. These 

results suggest that terrain features exert a similar influence on both groups of spectral bands, however 

the addition of spectral indices and texture metrics outperforms the addition of terrain features.   In the 

study performed by KC. (2009), the inclusion of a DEM showed increases in classification accuracy, 

however, the author’s methodology used to obtain the DEM differ from the one used in this study. This 

effect may exert an important influence on the behaviour of terrain features here calculated. 

Moreover, 17M had the highest classification accuracy, 0.875 within this broad group; conversely 21M 

obtained 0.685. These figures suggest that when adding textures metrics, terrain features and spectral 

indices the number of bands from which these metrics are computed highly influences classification. 

Hence, the combination of metrics calculated from and combined with seven spectral bands increased 

classification accuracy in 0.19 points.  

In the same way, a decrease of 0.03 points in classification accuracy was observed when adding spectral 

indices to 11M as in 19M for which classification accuracy was 0.690. Conversely, the decrease was 

higher when adding terrain features 18M with 0.606 classification accuracy. 

2.3.4 Classification of spectral bands with multiple metric groups 

We added two or more metrics to each group of spectral bands. It appears that the inclusion of terrain 

features and spectral indices to spectral bands produces similar results in both cases when seven and 

four bands are considered. Hence, classification accuracy for 16M was 0.727 and for 20M 0.726. On 

the other hand, adding terrain features to 8M as in 14M did not show any improvement in classification 

accuracy with 0.851. In the same way, adding spectral indices to 8M as in 15M produced similar results, 

yielding a classification accuracy of 0.852. These results differ from Gartzia et al. (2013), who classified 

rugged terrain in the Pyrenees, Spain, obtaining the best classification results by including topographic 

features and spectral indices (NDVI and SAVI) to spectral Landsat Thematic Mapper (TM) bands; and 

Nguyen and Pham (2016), who similarly, obtained the highest classification accuracy by including a 

DEM and NDVI to Landsat OLI spectral bands.  

Moreover, 17M had the highest classification accuracy, 0.875; conversely, 21M obtained 0.685. These 

figures suggest that when adding textures metrics, terrain features and spectral indices the number of 

bands from which these metrics are computed highly influence classification. Hence, the combination 

of metrics calculated from and combined with seven spectral bands increased classification accuracy in 

0.19 points.  
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Figure 2. 2 LULC map obtained from 1M (7 bands) 
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In the same way, a decrease of 0.03 points in classification accuracy was observed when adding spectral 

indices to 11M as in 19M for which classification accuracy was 0.690. Conversely, the decrease was 

higher when adding terrain features 18M with 0.606 classification accuracy. 

2.3.5 Classification of multiple metrics excluding spectral bands 

Combinations of image metrics only were created in order to assess their overall classification accuracy 

without the direct influence of spectral bands.  

In this sense, 22M and 23M had similar classification accuracies of 0.856 and 0.854; while 24M only 

obtained 0.672. These results suggest that the combination of texture metrics calculated from seven 

spectral bands either with spectral indices or terrain features would yield similar results. On the other 

hand, terrain features should only be combined with texture metrics for better performance under this 

study’s settings.  

Moreover, when using metrics calculated from four spectral bands as in 26M, 27M and 28M, the 

classification accuracy recorded was 0.692, 0.702 and 0.699 respectively. In this case, the combination 

in pairs of any metrics calculated from four spectral bands and/or terrain features would result in similar 

classification accuracies.  

Moreover, the combination of three image metrics is highly dependent on the number of bands the 

metrics were calculated from. Hence, 25M had the highest classification accuracy of 0.855 with metrics 

derived from seven spectral bands; while 29M had a classification accuracy of 0.729 with metrics 

derived from four spectral bands. 

These results suggest that there are no major changes in classification accuracies when spectral bands 

are excluded from data sets of image metrics.  Since the different metrics have been computed from the 

spectral bands, the information is carried within the textures and spectral indices throughout the 

classification process. On the contrary, when combining terrain features and spectral indices (24M, 

28M), the exclusion of spectral bands resulted in a decrease of classification accuracy compared to 16M 

and 20M which include spectral bands.   

The results here presented did not provide enough information to base the selection of parameters to be 

included in the classification process. The noise present in the data made it necessary to perform a 

statistical analysis to help in the selection process under the conditions of this study, which will be 

presented in the following section.  
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2.3.6 Statistical analysis  

In order to guide the selection of image metrics, linear regression models were developed. The models 

analysed the contribution of each data set to classification accuracy. 

Accordingly, 29 observations corresponding to the overall classification accuracy of each metrics data 

set were used. The image metrics were treated as binary variables; however, the groups of Haralick 

textures and spectral indices metrics separately were not considered; instead one single dummy variable 

for textures (seven and four bands) was created and another one for spectral indices (seven and four 

bands). This measure was taken after assessing the significance of the variables of the original model 

(Eq. 2.3).  

Following, a stepwise model selection was used through the evaluation of the Akaike information 

criterion (AIC). The final model included four variables and three interactions (Eq. 2.4), please refer to 

Eq. 2.3 for notation:   

y =  α + β1x1 + β2x2 + β3x3 + β4x4 + β2,3x2x3 + β1,4x1x4 + β3,4x3x4          (Eq. 2.4) 

The recorded f-statistic was 3.737 on 7 degrees of freedom, the p-value was 0.008799 and the residual 

standard error was 0.08232 (Table 2.7).  

The results indicate that classifying seven spectral bands increased classification accuracy by 0.149949 

(p<0.01) with no need of ancillary data. The inclusion of terrain features in combination with spectral 

indices increased classification accuracy in 0.127015 (p<0.1), however, terrain features alone decreased 

classification accuracy by -0.206276 (p<0.01). It appears that the hilly topography of the study area did 

not justify the use of GDEM generated data to account for discrepancies generated by the topography. 

On the other hand, including combinations of image metrics generated from ancillary data did not result 

in any significant increase in classification accuracy. On the contrary, a decrease of -0.085470 was 

found when seven spectral bands and spectral indices were combined, although this reduction was non-

significant. 
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Table 2.7 Statistical analysis of the contribution of image metrics to overall classification accuracy  

 Estimate Std. Error t value          Pr(>|t|) 

(Intercept)   0.782370 0.049443 15.824 3.82 e-13 *** 

7 spectral bands 0.149949 0.050728 2.956 0.00754 ** 

Texture metrics   -0.039905 0.045372 -0.880 0.38908 

Terrain features -0.206276 0.060244 -3.424 0.00255 ** 

Spectral indices 0.008462 0.049869 0.170 0.86687 

Texture metrics * Terrain features 0.098084 0.062299 1.574 0.13034 

7 Spectral bands * Spectral indices -0.085470 0.069235 -1.234 0.23065 

Terrain features * Spectral indices          0.127015 0.062635 2.028 0.05545 . 

Significance: ***= p<0.001; ** =p<0.01; *=p<0.05; .=p<0.1 

2.4 CONCLUSION 

The Chure is a typical hilly Himalayan region clearly ‘difficult for remote sensing’, particularly when 

using freely available Landsat imagery. First, irregular topography and atmospheric phenomena hamper 

the recognition of landscape features. Second, the variety of landscapes captured in a single Landsat 

scene results in extreme values that highly differ from one scene to another. Atmospheric and 

topographic correction allowed improving linear differences between scenes, and on the other hand, 

ICS successfully normalised highly variable multi-scene values. These procedures allowed obtaining 

comparable scenes to create a uniform mosaic. 

Furthermore, the usefulness of Landsat OLI spectral bands was evaluated, by grouping four (2, 3, 4, 5) 

and seven (1, 2, 3, 4, 5, 6,7) spectral bands. Statistical analysis showed that the highest classification 

accuracy could be reached by using as much information as possible coming from the sensor, therefore 

using seven spectral bands is recommended. Employing only four spectral bands is feasible if change 

detection is desired and comparison with MSS imagery is required. 

The use of ancillary data for this region was not required. The individual inclusion of Haralick textures 

did not contribute to the increase in classification accuracy. Conversely, the addition of terrain features 

significantly decreased classification accuracy. For this reason, we do not recommend their computation 

and application in areas with elevations up to 1,945 m (i.e. Chure) with imagery acquired at 30 m spatial 

resolution. On the contrary, spectral indices may increase classification accuracy, however, this increase 

may not be significant.  
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The methodology here applied could be replicated in other areas where remote sensing analysis is 

hampered by high cloud presence, haze, topographic and cloud shadows, since it normalises highly 

variable reflectance values.   

It is important to mention that discrepancies between classified maps and in-situ features may exist as 

a result of high variability between scenes and/or imprecisions during the classification process. 

Misclassification between the LULC categories agriculture and bare land may have appeared, since 

agricultural fallow land may be considered as bare land and vice versa. 

Lastly, the Landsat suit continues to be the best archive for change detection and LULC change studies, 

however, for LULC mapping, further research may focus on the use of up to date freely available 

satellite imagery (e.g. Sentinel). In addition, for more detailed LULC analysis and higher classification 

accuracies to be achieved, we recommend the use of higher resolution satellite imagery.  

This study has contributed in the field of LULC analysis by achieving systematic landscape 

characterisation of the Chure region. Furthermore, the thematic map obtained could be used for planning 

purposes, spatial analysis of ecosystems; assessment of forestry, conservation and demographic policies 

among others. 
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CHAPTER 3  

LAND USE AND LAND COVER CHANGES IN THE CHURE REGION OF NEPAL: 

INSIGHTS FROM MAPPING THE PAST AND THE FUTURE FROM A PHYSIOGRAPHIC 

AND DEMOGRAPHIC PERSPECTIVES  

Abstract 

Fragile geology and high reliability on forestry and unsustainable agricultural practices within the Chure 

region of Nepal have accelerated changes in the landscape. To understand such changes, this study 

analysed land use and land cover (LULC) dynamics at a regional and district level using Landsat 

imageries from three times: 1988, 2001 and 2014. The changes in forests cover, agricultural and bare 

lands in the region were described under different policy contexts that include the implementation of 

community forestry (CF), collaborative forest management (CFM) and the activities under the President 

Chure-Tarai Madhesh Conservation Development Board (PCTMCDB). Also, following an analysis of 

13 years interval, a LULC simulation was developed for 2027 combining Markov transition 

probabilities, a multilayer perceptron neural network, and cellular automata (MLP-CA-Markov). Slope 

and population density were incorporated as potential explanatory variables in the simulation. The 

results show that forests in the region decreased from 1988 to 2001 from 72.9% to 67.5% at an annual 

rate of -0.60% likely to increase by 2014 to 68% at an annual rate of 0.06%. Agricultural lands increased 

from 20.6% to 26.8% from 1988 to 2001 and decreased to 25.6% by 2014. Bare lands in 1988 and 2001 

represented 5.9% and 5%, increasing by 2014 to 5.5%. By 2027, forest reached 72.3% at an annual rate 

of 0.47% while agricultural and bare land areas decreased to 23% and 4.2% respectively. These figures 

could be attributable to the implementation of the policies CF, CFM alongside with the adoption of 

agroforestry and/or migration to urban areas. 

3.1 INTRODUCTION  

The study of land use and land cover (LULC) changes has been the focus of attention of the scientific 

community given their association with fragmentation and loss of habitats and biodiversity; climate 

change; and disruption of the hydrological and biochemical cycles (Arsanjani, Kainz, and Mousivand 

2011; Mas et al. 2004). Human pressure on forest resources and demographic explosion are considered 

as some of the most common drivers of LULC changes in developing countries. Such is the case of 

Nepal, a landlocked Himalayan country with an area of 147,000 km2, predominantly covered by 

mountain physiography (83%) with only about 17% of flat areas (Pariyar 2008). Of particular interest 

within the country are the Terai (i.e. flat plains) and Chure (i.e. one of the lower mountains) regions. 

The former is important not only because it supports 50% of the population of the country (CBS 2012), 
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but it is the bread-basket (the main agricultural lands) of the country. The latter becomes important 

because it is interconnected to the Terai, yet the most fragile hills physiographically. Thus, the Chure 

has been targeted as a priority conservation area by the government due to ongoing degradation 

processes that are constantly taking place. Together, both regions accounted for 92.78% of the forested 

land within the country, despite the Chure losing forested land in approximately 380 km2 from 1995 to 

2010 (FRA/DFRS 2014a) and the Terai losing forested land approximately in 320 km2  from 1991 to 

2010 (FRA/DFRS 2014b). By 2015, forest represented only 23.04% in the Chure region and 6.90% in 

the Terai (DFRS 2015).  

Deforestation in the Chure steep slopes, population pressure, overgrazing, agriculture expansion 

(Awasthi et al. 2002; Pokhrel 2013) and soils unable to hold heavy monsoonal rains are resulting in 

devastating floods, erosion in the hills and sedimentation in the lower Terai plains (FRA/DFRS 2014a; 

K.C. 2012; Tiwari 2000). As a result, levels of deposition of materials have been reported in lower river 

beds and agricultural lands of up to 0.60 m high, accompanied by gully erosion and riverside cutting 

(Ghimire and Higaki 2014), reaching 108.9 t/ha/year of soil erosion on average (K.C. 2012).  

Consequently, the government initiated community forestry (CF) program and created community 

forestry user groups (CFUGs) (Adhikari, Di Falco, and Lovett 2004; Pandit and Bevilacqua 2011) 

through the Forest Act (1993) and the Forest Rules (1995) (Bhattarai, Conway, and Shrestha 2002) to 

halt deforestation and forest degradation. CFUGs are formed in a participatory way by local 

communities to protect and manage nearby government forests (i.e. national forests; NFs) in the form 

of (CFs). The approach has resulted in poverty alleviation, afforestation and conservation of 

biodiversity and improvement of environmental conditions overall (Adhikari, Williams, and Lovett 

2007; Pandit and Bevilacqua 2011; Schweik, Adhikari, and Pandit 1997).  

In addition, the government created the collaborative forest management (CFM) policy in the year 2000 

(MFSC 2000) and applied it in 20 Terai districts crossed by the Chure physiographic boundary. The 

aim of CFM is improving people’s livelihoods through the management of government forests while 

maintaining ecological balance within the forests (Bampton, Ebregt, and Banjade 2007). It targets all 

forest users independent of their relative location towards forests including close and distant 

stakeholders.  

Also, the latest conservation approach created by the government for this region is the President Chure-

Tarai Madhesh Conservation Development Board (PCTMCDB) in 2014. The objectives of its creation 

include to mitigate climate change and natural disasters in the Chure hills; the damage caused by water 

disasters in the region; and maintain accessibility to forest products specially to households residing far 

from NFs (GoN/PCTMCDB 2017).   
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Although these conservation and management policies have been designed and applied in the Chure 

region, there is a need of information tools to enable planners and policy makers to follow up existing 

policies and generate informed decisions. Hence, only by understanding historical LULC changes and 

their transitions throughout time, and by projecting these transitions into the near future through 

simulation this information can be obtained. Moreover, predicting  LULC changes in the Chure, a region 

with high environmental importance, is essential since there might be land policies that influence decisions over 

LULC changes over extended time periods (Bockstael 1996). 

Despite that LULC analysis has been performed in Nepal at a national level (Uddin et al. 2014), and 

historical changes within the Chure region have been targeted to the eastern hills (Bhuju, Yonzon, and 

Baidya 2007), Chitwan (Baidya, Bhuju, and Kandel 2009; Panta, Kim, and Joshi 2008; Schweik, 

Adhikari, and Pandit 1997; Stapp et al. 2016) and Bara districts (Bhattarai and Conway 2008), 

information about what and where changes have occurred in the entire Chure region and how the 

landscape in this region may look in the future is still missing. 

Accordingly, in order to achieve LULC change analysis, remote sensing and GIS techniques have been 

successfully used. In addition, for predicting the distribution of specific LULC categories in the future, 

Markov chains can be widely utilised. Thus, Markovian transitions are based on the probability that a 

given piece of land will change from one mutually exclusive state to another (Thomas and Laurence 

2006). These transitions are based on past changes and then applied to predict future ones. However, 

being a stochastic model, it does not consider spatial distribution within each category and transition 

probabilities are not constant among landscape states. Thus, even if the predictions may be accurate in 

magnitude, they may lack direction (Behera et al. 2012). Therefore, the need for a complete spatially 

explicit model of LULC change, which could be achieved by the addition of cellular automata (CA). 

The CA provides the spatial component to the Markov chains (Myint and Wang 2006) and thereby 

offers direction to the model (Behera et al. 2012).  

CA-Markov chains can simulate the transitions from any number of categories to others by the inclusion 

of spatial variables (Li and Yeh 2002). Under these circumstances, dimensionality problems could be 

generated.  In this sense, a multilayer perceptron (MLP) neural network may be combined with CA-

Markov chains to identify the most likely transition rules between LULC classes (Nery, Sadler, White, 

et al. 2019). MLP provides a high capability for calibration (training), generalisation and prediction of 

spatiotemporal phenomena (Maithani, Arora, and Jain 2010; Nasiri et al. 2018).  

Accordingly, the integration of MLP and CA-Markov chains (MLP-CA-Markov) offers the tools for 

accurately modelling spatial and temporal changes in LULC by coupling remote sensing and GIS 

generated data (Mishra et al. 2009; Nasiri et al. 2018).  

Hence, the objectives of this chapter are to complete a thorough LULC change analysis from 1988 to 

2014; quantify rates of forest change at a regional level; to describe the results at a district level under 
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a policy context, and to forecast LULC changes. Even though several parameters may influence future 

LULC scenarios, this study considers only the natural elevation of the landscape in the Chure region, 

which highly influences natural degradation processes; and demographics, which represents the 

anthropogenic forces influencing the region. Therefore this study uses the variable ‘slope’ representing 

the rate of change of elevation as a consistent physiographic characteristic; and ‘population density’ as 

a dynamic condition, which is the major determinant to affect the forest extent and status in Nepal 

(MFSC and Durbar 2009).  

To achieve these goals, Landsat imageries corresponding to three-time spans (1988-2001-2014) are 

classified into LULC categories using a support vector machine (SVM). The transitions between these 

categories are then utilised to forecast LULC categories for 2027 using MLP-CA-Markov model. The 

information generated could become a tool to enable policymakers to make informed decisions in the 

benefit of the environment and forest-dependent populations.  

3.2 MATERIALS AND METHODS 

3.2.1 Study area 

This study focused on the Chure physiographic region of Nepal. The Chure extends through the whole 

length of Nepal, in all provinces (provinces 1 to 7). Located North of the Terai region, is formed by 

hills and inner valleys that extend from 93 to 1,955 m above sea level. Geologically, it belongs to the 

youngest portion of the Himalayan mountain range (i.e. Paleocene and early Quaternary), and it is 

constituted by shale, sandstone and conglomerate (MFSC 1988).  

The climate is sub-tropical at lower elevations, and temperate at higher elevations. The total annual 

precipitation can reach >2,600 mm mostly concentrated in monsoon summers (FRA/DFRS 2014a).  

Most of the region is covered by NFs; however, CFs are widely adopted in the region; CFM has been 

applied in 20 districts of the inner Terai valleys (i.e. Kailali, Kanchanpur, Banke, Bardiya, Dang, 

Kapilbastu, Nawalparasi (East and West), Rupandehi, Bara, Chitwan, Dhanusha, Mahottari, Parsa, 

Rautahat, Sarlahi, Jhapa, Morang, Saptari, Siraha, Sunsari); and the PCTMCDB Master Plan includes 

conservation activities throughout the Chure-Terai landscape.  

3.2.2 Data acquisition and pre-processing  

Satellite imageries obtained at day time that cover the whole extent of the Chure region for the years 

1988 and 2001 were acquired. Accordingly, the sensors Thematic mapper (TM) and Enhanced thematic 

mapper (ETM+) were chosen. The imageries were captured in the pre-monsoon season. Satellite data 

was obtained as a courtesy of the United States Geological Survey (USGS and EROS 2014) (Table 3.1; 

step A-Figure 3.1). Six spectral bands were used from the TM and ETM+ sensors excluding all 
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panchromatic and thermal channels. These bands were used to perform LULC analysis. Moreover, the 

LULC map of the year 2014, presented in Chapter 2 and based on the data obtained from the Landsat 

operational land imager (OLI) sensor was used. Hence, allowing calculation of probabilities of LULC 

transitions, future simulations and validations.  

Furthermore, as potential determinants of LULC changes a 30 m resolution global digital elevation 

model (GDEM) from the Advanced spaceborne thermal emission and reflection radiometer (ASTER) 

(NASA 2001) was used for slope calculations. Likewise, population records were obtained from the 

National population and housing census of Nepal, corresponding to the year 2011 (CBS 2012); (step F- 

Figure 3.1), which were made spatially explicit through the creation of a district raster map that included 

the values of the population recorded by the census.  

Table 3. 1 Satellite imageries  

Acquisition date 

sdadffrttr12390o

psdflkasfdateadfa

sfdafdatedate 

Sensor Path/Row WRS1 Scene ID Cloud coverage % 

2002-04-23 

ETM+ 

144/40 LE71440402002

113SGS00 

2.00 

2001-12-25 143/41 LE71430412001

359SGS00 

0.00 

2001-12-25 143/40 LE71430402001

359SGS00 

10.00 

2001-10-31 142/41 LE71420412001

304SGS00 

2.00 

2001-10-24 141/41 LE71410412001

297SGS00 

6.00 

2002-01-05 140/41 LE71400412002

005SGS00 

1.00 

2001-10-26 139/42 LE71390422001

299SGS00 

0.00 

1989-04-11 

TM 

144/40 LT51440401989

101ISP00_ 

1.00 

1988-10-26 143/41 LT51430411988

300BKT00 

0.00 

1988-10-26 143/40 LT51430401988

300BKT00 

13.00 

1988-10-19 142/41 LT51420411988

293BKT00 

0.00 

1988-10-12 141/41  LT51410411988

286BKT00 

4.00 

1989-02-10 140/41 LT51400411989

041BKT00 

26.00 

1988-11-15 139/42 LT51390421988

320BKT01 

0.00 

3.2.3 Pre-processing 

The pre-processing scheme is presented in step B – Figure 3.1. Accordingly, we applied the atmospheric 

correction method dark objects extraction 2 (DOS2) (Chavez 1988); and accounted for topographic 

effects using the c-factor method within GRASS GIS (GRASS D.T. 2015). Given the location of the 

study area and freely available data sources, cloud cover within the scenes was unavoidable which 

ranges from 0% to 26%. However, we eliminated clouded pixels by first identifying clouds with the 

Automatic cloud cover assessment (ACCA) (Irish et al. 2006) tool from GRASS GIS; and second, by 

merging the three cloud masks created (including the 2014 imageries cloud mask; Chapter 2). The 
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creation of a unique cloud mask permitted the identification and extraction of clouds corresponding to 

the three years of study, allowing the exact comparison of areas among the data sets. 

In addition, we applied the Image chain standardisation method (ICS) (Meng 2015) to normalise 

extreme values highly variable from scene to scene. Further, we mosaicked the pre-processed scenes 

band by band and applied principal component analysis (PCA) from each stack of bands corresponding 

to each year following the pre-processing protocol for Landsat imageries of the Chure region of Nepal 

developed in Chapter 2. 

 

Figure 3. 1 Flowchart describing the methodology of the study 

3.2.4 Classification  

We used an object-based image classification approach (OBIA) for the mapping of the Chure region 

(step C-Figure 3.1). Accordingly, we used the stable mean-shift segmentation algorithm (Michel, 

Youssefi, and Grizonnet 2015) provided by the Orfeo ToolBox (OTB Development Team 2016) 
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through a R wrapper in order to obtain segments representing landscape features. This algorithm was 

selected because even though it is easy to use, it generates a reasonable number of clusters by exploiting 

the density of the image points. Following, we applied the training sample centroids created from the 

2014 imageries (Chapter 2) in the segmented landscapes of 1988 and 2001. The applied centroids 

representing the training samples of the 2014 imageries were calculated following a tailored scheme 

based on the sampling technique developed by (Nery, et al. 2019).  

The training samples were carefully verified using the red – green – blue bands of the electromagnetic 

spectrum of the satellite imageries, and also by verifying largely invariant targets, due to a lack of past 

LULC data for verification. Accordingly, the segments were designated as training samples and 

categorised into one of the four LULC classes of interest (Table 3.2).  

Table 3. 2 Description of land use and land cover categories 

Class Description 

Agriculture Built-up areas, cultivated areas and grasslands. 

Bare land Areas with no vegetation cover, bare riverbeds, stony and gravel areas, 

uncultivated agricultural lands, gullies. 

Forest Land areas covered with >10% canopy cover. 

Water Water bodies including perennial and seasonal rivers, lakes; natural and man-

made ponds, flooded lands, lakes and/or reservoirs. 

For classification, we used a SVM algorithm given its high competence for feature recognition and 

generalization capability when using a limited amount of training data (Bazi and Melgani 2006; Foody 

and Mathur 2004; Mountrakis, Im, and Ogole 2011). The classification was accomplished within the R 

software with the  ‘caret’ and ‘kernlab’ packages (Karatzoglou et al. 2004; Kuhn 2016). Lastly, we 

calculated the overall classification accuracy, Kappa coefficients and obtained LULC maps 

characterising landscape features corresponding to the years 1988 and 2001 (step D – Figure 3.1).   

3.2.6 Forecasting LULC  

We applied Markov matrices in order to quantify the likelihood that a pixel of a given class will change 

to any other class (or stay the same) in the next time period (Behera et al. 2012). Accordingly, we 

calculated two transition probability matrices among the years of study (1988 -2001; 2001- 2014) (step 

E – Figure 3.1.).  

In addition, we developed a LULC simulation for the year 2027 using the spatial variables ‘slope’ 

computed from the GDEM (NASA 2001) as in Hijmans (2015) with the package ‘raster’ in the R 

environment (R Development Core Team 2015); and ‘population density’ calculated from the national 

census (CBS 2012). The Modules for land use change simulations (MOLUSCE) plugin (NextGIS and 
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Asia Air Survey 2017) was used in the QGis (QGIS Development Team 2015) interface. The modules 

calculated the changes in LULC areas and transition probabilities; modelled the transition ‘potential’ 

using a MLP artificial neural network, and simulated the future LULC distribution spatially through a 

CA-Markov model.  

Validation was performed by forecasting a LULC map for the year 2014 (forecasted map) based on the 

historical trends and neighbouring cells of the classified 1988 and 2001 maps using the spatial variables. 

The Kappa coefficient of the forecasted map was generated by comparing it against the 2014 classified 

map obtained in Chapter 2 (reference map). 

The modelling parameters meters were tested until a Kappa value of the forecasted LULC was above 

60%. This threshold was chosen, since a Kappa value higher than 0.5 can be considered as satisfactory 

for modelling of land-use change (Pontius 2001). Thus, we concluded that the model produced a 

satisfactory result given the noise in the data and could then be used to forecast the spatial distribution 

of LULC for 2027. The LULC simulation for the year 2027 was based on the years 2001 and 2014 

using the spatial variables slope and population density. For this, the learning parameters selected for 

the 2014 forecasted map were again applied. 

3.2.7 Annual rate of change in forest cover  

The quantification of forest cover allowed the calculation of annual net changes in forest cover, denoting 

gains (i.e. afforestation) and losses (i.e. conversion to agriculture or bare land) (FAO 1995; FRA/DFRS 

2014a) for three time-frames (1988-2001; 2001-2014; 2014-2027). Accordingly, we used the formula:  

𝑞 = (
𝐴2

𝐴1
)

1
(𝑡2−𝑡1)⁄

− 1         (Eq. 3.1.) 

Where 𝑞 represents the annual rate of change in forest cover; 𝐴1 is the forest cover at time 1 (t1) and 

𝐴2 is the forest cover at time 2 (t2).  

3.3 RESULTS 

3.3.1 Regional LULC change  

We classified the processed satellite scenes obtaining overall accuracies of 0.69 (Kappa 0.61) and 0.77 

(Kappa 0.71) for 1988 and 2001, respectively, while validation between the reference and CA forecasted 

map showed a Kappa coefficient of 0.63 for 2014, and 86.35% of correctness between the classified 

and reference map.  

The classified data allowed quantification of LULC categories across the years of study, which are 

presented in Table 3.3 and Figures 3.2- 3.5. 
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Table 3. 3 Land use and land cover categories in km2 and (%) 

Category               1988               2001              2014              2027 

Agriculture 
3,804 4,963 4,747 4,261 

(20.5) (26.8) (25.6) (23.0) 

Bare land 
1,096 929 1,027 783 

(5.9) (5.0) (5.5) (4.2) 

Forest 
13,513 12,501 12,603 13,393 

(72.9) (67.5) (68.0) (72.3) 

Water 
115 135 151 91 

(0.6) (0.7) (0.8) (0.5) 

Overall, the largest category within the region is forest, which by the year 2014 represented 68% of the 

area corresponding to 12,590 km2, while agriculture and bare land corresponded to 25.6% and 5.5%, 

with 4,743 km2 and 1,026 km2 respectively (Table 3.3).  

Deforestation has taken place throughout the 26 years period in the Chure region, showing the highest 

annual losses (-0.60%) from 1988 to 2001, with forest decreasing from 13,500 km2 to 12,492 km2 and 

despite the implementation of CF in 1993. However, some level of afforestation occurred from 2001 

and 2014 at an annual rate of 0.06% per year when CFs and CFM were implemented.  

Moreover, the distribution of agriculture and bare lands among the years of study followed opposite 

trends. While in 1988 agriculture represented the lowest proportion of the region (3,804 km2; 20.6%) 

bare land represented the highest (1,095 km2; 5.9%) among all years of study. Conversely, agricultural 

lands increased by 2001 (4,959 km2; 26.8%) and then decreased again by 2014 (4,743 km2; 25.6%); 

while bare lands decreased by 2001 (925 km2; 5.05%) and finally increased by 2014 (1,026 km2; 5.5%). 

Furthermore, transition matrices of the Chure region (Table 3.4) showed that the highest probabilities 

of conversion between classes were from bare land to agriculture, suggesting that bare lands may 

become green and young vegetation could potentially be confused with agriculture; or that 

anthropogenic agricultural activities area overtaking fallow land and river beds. Likewise, water that 

didn’t remain water was either allocated to agriculture or bare land, which may be attributed to 

previously flooded areas becoming seasonally dry and/or becoming green with young vegetation. 
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Figure 3. 2 Land use and land cover map of the Chure region (1988) 
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Figure 3. 3 Land use and land cover map of the Chure region (2001)
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Figure 3. 4 Land use and land cover map of the Chure region of Nepal (2014)
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Figure 3. 5 Land use and land cover forecasted map of the Chure region of Nepal (2027)
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The MLP-CA-Markov simulation model could have higher reliability since it predicts off-slope and 

population density, rather than modelling discrepancies in the imageries. 

Under this scenario, forest is likely to occupy 13,386 km2 (72.3%) of the region by 2027 with a rate of 

change of 0.47% per year (from 2014), while agriculture 4,257 km2 (23%) and bare land 781 km2 

(4.2%). 

Table 3. 4 Land use and land cover transition probabilities  

 2001 

1988 Agriculture Bare land Forest Water 

Agriculture 0.814981 0.051642 0.127371 0.006006 

Bare land 0.335222 0.486167 0.132984 0.045626 

Forest 0.109471 0.011688 0.878030 0.000812 

Water 0.121537 0.342453 0.078185 0.457825 
 

2014 

2001 Agriculture Bare land Forest Water 

Agriculture 0.715745 0.053577 0.224798 0.005880 

Bare land 0.295499 0.482655 0.158884 0.062962 

Forest 0.071313 0.021680 0.905744 0.001263 

Water 0.219857 0.322374 0.103699 0.354071 
 

2027 

2014 Agriculture Bare land Forest Water 

Agriculture 0.910411 0.046961 0.038076 0.004552 

Bare land 0.050785 0.898272 0.003668 0.047275 

Forest 0.061782 0.009239 0.928252 0.000727 

Water 0.014228 0.004523 0.010581 0.970669 

3.3.2 LULC change per provinces and districts  

We quantified annual rates of forest change for further description of forest dynamics under institutional 

settings and to identify the influence of slope and population density in the future forest states (Table 

3.5; Figures 3.6-3.19).  

Accordingly, we referred to NFs, CFs and CFM; however, the PCTMCDB Master Plan could not be 

assessed since its application is fairly recent and the imagery could not capture its influence on the 

landscape.  Accordingly, annual rates of forest change showed that between the transition period of NFs 

to CFs (1988-2001) all districts experienced negative forest rates except Banke, Arghakhanchi, Palpa, 

Chitwan and Jhapa. Siraha was found to be the district with the highest forest losses at -9.25% per year 

during this transition period. In addition, as CFs gained terrain in the region (2001-2014), forest gains 
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were quantified in 15 out of the 32 districts considered in the analysis: Pyuthan, Surkhet, Arghakhanchi, 

Nawalparasi East, Nawalparasi West, Palpa, Rupandehi, Chitwan, Dhanusha, Makwanpur, Sarlahi, 

Sindhuli, Ilam, Saptari and Sunsari.  Palpa showed the highest forest gains at a rate of 1.17% per year 

during this transition period.  

Moreover, LULC analysis showed different dynamics in forest cover over the transition periods of 

interest. First, we found districts with the highest forest coverage in 1988 that continued to lose forest 

cover over the next study periods. In these districts forests gradually declined until reaching the lowest 

coverage by 2014, despite the application of participatory approaches such as CF and CFM. Such 

tendency was observed in Dadeldhura, Doti, Kailali, Kanchanpur, Bardiya, Dang, Salyan, Kapilbastu, 

Bara, Mahottari, Parsa, Rautahat, Morang, and Udayapur. Likewise, we found districts with the highest 

forest coverage in 1988 in which deforestation took place until 2001 and afforestation resulted in 

increases in forest coverage by 2014. In this group were allocated the districts: Pyuthan, Surkhet, 

Nawalparasi East, Nawalparasi West, Dhanusha, Sarlahi, Sindhuli, Ilam, Saptari, Siraha, and Sunsari. 

Within these districts, the area of forest quantified in 2014 did not reach the forested areas first recorded 

in 1988. Also, we found districts with the highest forest coverage in 2001 that were deforested until 

2014. Within this group Banke and Jhapa were allocated. Even though deforestation took place within 

the last study period, the amount of forested land recorded in 2014 was superior than the one recorded 

for the year 1988. On the other hand, we found districts that had the lowest forest coverage in 1988 and 

were reforested gradually until reaching the highest forest coverage in 2014. Within this group Chitwan, 

Arghakhanchi and Palpa were found. Last, we found districts that were deforested between 1988 and 

2001, but in the last period of study (2014) showed the highest rates of forest cover, these districts 

included Rupandehi and Makwanpur. 
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Table 3. 5 Forest land use (km2) and annual rates of forest change in the Chure districts (%) 

Province District 

Forest 

cover 1988 

(km2) 

Forest cover 

2001 (km2) 

Forest cover 

2014 (km2) 

Forest cover 

2027 (km2) 

Annual rate of 

change in forest 

cover (1988-2001) 

(%) 

Annual rate of 

change in forest 

cover (2001-2014) 

(%) 

Annual rate of 

change in forest 

cover  

(2014-2027) (%) 

Province 1 

Jhapa**  60.18 65.73 64.67 65.64 0.68 -0.12 0.11 

Ilam  293.39 287.41 289.76 305.57 -0.16 0.06 0.41 

Morang**  106.13 90.25 82.44 101.57 -1.24 -0.69 1.62 

Sunsari**  56.50 37.32 41.89 53.16 -3.14 0.89 1.85 

Dhankuta*  2.36 1.11 1.94 3.03    

Bhojpur *  0.00 0.04 0.00 0.02    

Udayapur  897.18 669.33 621.62 676.89 -2.23 -0.57 0.66 

Province 2 

Saptari** 171.95 124.92 130.65 138.73 -2.43 0.35 0.46 

Siraha**  134.13 37.98 36.37 46.95 -9.25 -0.33 1.98 

Dhanusha**  259.73 193.88 199.60 217.30 -2.22 0.22 0.66 

Mahottari** 125.36 111.07 109.03 115.02 -0.93 -0.14 0.41 

Sarlahi**  127.46 107.59 112.22 123.65 -1.30 0.32 0.75 

Rautahat**  50.41 49.76 45.17 50.50 -0.10 -0.74 0.86 

Bara**  120.17 111.96 110.02 122.51 -0.54 -0.13 0.83 

Parsa**  480.36 469.97 448.63 497.63 -0.17 -0.36 0.80 

Province 3 

Sindhuli  921.53 779.79 819.25 885.48 -1.28 0.38 0.60 

Kavre* 4.10 3.20 4.46 5.25    

Lalitpur*  2.24 0.65 2.65 3.48    

Makwanpur  836.14 739.08 851.74 923.44 -0.94 1.10 0.62 

Chitwan ** 1118.83 1124.18 1177.17 1217.21 0.04 0.35 0.26 
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Province District 
Forest cover 

1988 (km2) 

Forest cover 

2001 (km2) 

Forest cover 

2014 (km2) 

Forest cover 

2027 (km2) 

Annual rate of 

change in forest 

cover (1988-2001) 

(%) 

Annual rate of 

change in forest 

cover (2001-2014) 

(%) 

Annual rate of 

change in forest 

cover (2014-2027) 

(%) 

Province 4 
Nawalparasi East** 422.15 404.73 414.18 425.92 -0.32 0.18 0.22 

Tanahu*  0.41 0.38 0.81 1.03    

Province 5 

 

Nawalparasi 

West** 
321.84 308.55 315.76 324.70 -0.32 0.18 0.22 

Rupandehi**  179.84 178.50 185.83 190.45 -0.06 0.31 0.19 

Palpa  157.98 158.11 183.84 191.34 0.01 1.17 0.31 

Kapilbastu**  212.91 212.63 211.64 212.72 -0.01 -0.04 0.04 

Arghakhanchi 401.14 404.77 405.43 417.03 0.07 0.01 0.22 

Pyuthan  24.95 20.25 22.37 23.27 -1.59 0.77 0.30 

Dang**  1671.73 1600.94 1593.02 1640.27 -0.33 -0.04 0.23 

Banke**  746.69 756.62 751.17 760.04 0.10 -0.06 0.09 

Bardiya** 640.97 638.77 635.20 652.23 -0.03 -0.04 0.20 

Province 6 
Salyan  300.05 288.33 287.93 301.17 -0.31 -0.01 0.35 

Surkhet  845.04 805.47 820.74 886.59 -0.37 0.14 0.60 

Province 7 

Doti  29.51 28.51 25.87 30.59 -0.26 -0.75 1.30 

Kailali**  1279.23 1200.85 1129.86 1275.86 -0.49 -0.47 0.94 

Kanchanpur** 205.80 200.72 195.99 204.17 -0.19 -0.18 0.32 

Dadeldhura  304.53 290.74 273.64 302.96 -0.36 -0.47 0.79 

TOTAL CHURE 13512.92 12504.09 12602.56 13393.37 -0.60 0.06 0.47 

*districts not analysed because the area covered represents less than 10km2 within the physiographic boundary of the Chure region 

** districts in which NFs, CFs, and CFMs have been applied
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Figure 3. 6 Land use land cover changes in Province 1 (1988-2001) 

 

Figure 3. 7 Land use land cover changes in Province 1 (2001-2014) 

 

Figure 3. 8 Land use land cover changes in Province 2 (1988-2001) 
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Figure 3. 9 Land use land cover changes in Province 2 (2001-2014) 

 

Figure 3. 10 Land use land cover changes in Province 3 (1988-2001) 

 

Figure 3. 11 Land use land cover changes in Province 3 (2001-2014) 
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Figure 3. 12 Land use land cover changes in Province 4             Figure 3. 13 Land use land cover changes in Province 4 

(1988-2001)                (2001-2014) 

 

Figure 3. 14 Land use land cover changes in Province 5 (1988-2001) 
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Figure 3. 15 Land use land cover changes in Province 5 (2001-2014)  

Figure 3. 16 Land use land cover changes in Province                 Figure 3. 17 Land use land cover changes in Province 6 

 (1988-2001)                 (2001-2014) 
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Figure 3. 18 Land use land cover changes in Province 7 (1988-2001) 

 

Figure 3. 19 Land use land cover changes in Province 7 (2001-2014) 

 

On the other hand, the results of the MLP-CA-Markov simulation model are optimistic. By the year 

2027, we recorded increases in forest cover in all districts of the Chure region with an overall annual 

rate of change of 0.47%. Particularly in the Eastern development region, the greatest forest gains were 
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observed in the districts Siraha (46.95 km2), Morang (101.57 km2) and Sunsari (53.16 km2) with annual 

rates of change of 1.98%, 1.85% and 1.63% respectively.  

Although these districts show the highest afforestation rates compared to 2014, the amount of forest 

coverage is still inferior to what was recorded for 1988. According to the simulation, by 2027 the forest 

coverage in 17 districts could exceed the forest cover recorded for 1988, among which Banke, Bardiya, 

Nawalparasi East, Nawalparasi West, Rupandehi, Bara, Chitwan, Parsa, Rautahat and Jhapa have been 

subjected to CFM. 

3.4. DISCUSSION 

The results here presented show that in 2014 forest cover in the Chure region occupied 68% of the area. 

Moreover, the district Dang presented the largest forest cover throughout the years of study, followed 

by Chitwan and Kailali. These figures are in line with the Churia forest report  (FRA/DFRS 2014a), 

which asserts that forest cover represented 72.37% of the Chure by 2010 and the same districts 

possessed the largest forest cover within the region. Despite the lack of regional LULC literature, our 

results agree with Bhuju, Yonzon, and Baidya (2007), who quantified that 61.2% of the Eastern Chure 

hills were covered by forests by 1992 while agriculture represented 8.5%.  

In addition, it has been reported that forested areas have decreased at an annual rate of 1.7% during the 

period of 1978/79 to 1994 in the whole country (MFSC and Durbar 2009) and that deforestation has 

been taking place throughout Nepal from 1930 to 2014 (Sudhakar Reddy et al. 2017). Likewise, this 

study found that the Chure experienced deforestation at a rate of -0.60% per year from 1988 to 2001. 

In the same way, the report authored by FRA/DFRS (2014) indicates that the region has experienced 

deforestation at a rate of -0.18% per year from 1995 to 2010. Moreover, Bhuju, Yonzon, and Baidya 

(2007) found that forest cover decreased by over 25% from 1957 to 1992 in the Eastern Chure hills; 

and Ghimire (2017) also found deforestation in the Chure hills and inner Terai valleys from 1954 to 

2015. However, our results differ with the authors in the location of deforestation. Here, the highest 

rates of deforestation were reported in the East of the region, while in Ghimire (2017) they were located 

in the West. 

Regarding increases in the quantification of forest cover, this research found gains of forests 0.06% per 

year from 2001 to 2014 at a regional level. These figures follow a common trend in Nepal since FAO 

(2006) asserts that deforestation in Nepal slowed between 2000 and 2005, compared with the period 

1990–2000, and localised forest regeneration has been reported in several districts and watersheds 

around the country under the management regime of CFs.  

On the other hand, the nation-wide LULC database of Nepal reports that agricultural land occupied 

10.74% in the Chure by 2010 (Uddin et al. 2014); while this study found that agriculture occupied 
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20.5%, 26.8% and 25.6%, in 1988, 2001 and 2014 respectively. Also, barren land in the national 

database represents 3.12% of the Chure region (Uddin et al. 2014), while in this study bare lands 

represent between 5 to 5.9% from 1988 to 2014. The differences in the amount of agricultural land and 

bare lands here calculated may be attributable to the definition of the LULC categories (Table 3.2), 

which differ from the category system used by Uddin et al. (2014). 

District-wise, it has been reported that the Bara district experienced deforestation from 1973 to 2003, 

(Bhattarai and Conway 2008). Additionally, in the Chitwan district, Panta, Kim, and Joshi (2008) 

reported deforestation between 1976 and 2001 and an increase of Shorea robusta forests between 1989 

and 2001 in some locations. Similarly, this study indicates that Chitwan has been subject to increases 

in forest cover at annual rates of 0.04% between 1988 and 2001.  Forest gains could be attributed to the 

success of the CF program through rehabilitation and conservation of Shorea forests that previously 

were degraded and handed over from the government to local communities (Panta, et al. 2008). On the 

other hand, in the Chitwan national park buffer zone, forest was the most dominant LULC type in 1978, 

overtaken by agriculture from 1992 to 1999 (Baidya, Bhuju, and Kandel 2009). Therefore, future 

research should account for the effects of the existence of national park, buffer zones and unprotected 

areas since localised LULC may highly differ in each one of them. 

In addition, a LULC simulation was performed for 2027 using slope (constant feature) and population 

density (dynamic variable) as potential explanatory variables. Our results indicate that forest cover is 

likely to increase at rates that oscillate between 0.045% and 1.98% per year between 2014 and 2027. 

Our results indicate that the levels of forest cover are not expected to reach nor overtake the amount of 

forest quantified by 1988 in most districts, except for Jhapa. It appears that even though population 

density is increasing, forest cover may increase and/or may regenerate at the expense of bare lands and 

agricultural patches. This could be an indicator of migration to city centres and land abandonment. 

Accordingly, in the Chitwan district, it has been suggested that when accessing forest products (i.e. 

fodder, timber) becomes more difficult, and when there exists a need of getting external sources of 

energy and animal food, migration could be motivated out of rural areas, independently of any socio-

economic parameters (Massey, Axinn, and Ghimire 2010). In addition, when households have less 

access to cultivated land are more likely to migrate in search of work (Bhandari 2004). The limited 

availability of national and regional forest distribution forecasts research within Nepal has constrained 

comparisons of the results here obtained with other studies. However, the modelling here proposed 

agrees with MFSC and Durbar (2009), who assert that in Nepal by the end of 2020, forest-dependent 

societies will slowly decrease and therefore, pressure on forest resources may be alleviated. The authors 

also mention that reductions in family size will have positive effects on the forest situation through 

reduction in consumption of forest products if other things remain constant. In addition, according to 

the authors, in the future, most forest resources will be managed on the principle of sustainable forest 
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management under community, collaborative and leasehold forest management models. As a result, the 

production and productivity of national forest will increase. In addition, private forestry will be 

enhanced commercially by the end of 2020.  

However, food insecurity is of concern in the country. Hence, with declining agricultural lands and 

population permanently growing, agricultural intensification with the use of inputs and irrigation may 

be the answer. These measures could be applied through government policies that recognise the strong 

relationships between land-use systems and agricultural production. These results are in line with Rimal 

et al. (2018), whose simulations in the Kathmandu valley showed that the rapid development of urban 

land would be accompanied by a sharp decline in agricultural and vegetation lands at the expense of 

other land-use types, but mostly at the cost of cultivated land. However, the authors predicted minor 

losses for vegetation cover.  

Regarding what has driven deforestation. It has been suggested that the high volumes of timber exported 

to India until the early 1980s (Bhattarai, et. al 2002), the high rates of migration from the hills to the 

plains accompanied by forest clearing are significant causes of deforestation (Pandit and Bevilacqua 

2011a). In addition, political instability in the country contributed to deforestation in the early 1990s 

through forest encroachment and land clearing (Bhattarai and Conway 2008). However, landscape 

degradation in the way of forest fires, loss or threat to biodiversity, increase in landslides and floods, 

the disruption of river and wetland ecology, and the depletion of groundwater resources (Bhuju, 

Yonzon, and Baidya 2007; Ghimire 2017) may be caused by contemporary and ongoing issues such as 

population growth, urbanisation and connectivity (i.e. road access, transport facilities).  

Forests are an important part of the ecosystem and sustainable livelihoods. They provide food and 

shelter; timber, fodder and litter for households’ daily activities. It is important that policies consider 

ways to improve the use of forest resources through the adoption irrigation and plant/soil management 

strategies under the conditions of a geologically fragile landscape and a growing population. This 

requires the inclusion of the government, farmers, herders and forest dependent populations; only then, 

strategies that preserve the forests, improve agricultural yields to satisfy people’s needs and guarantee 

livelihoods can be generated.    

3.5 CONCLUSION 

A historical LULC analysis and a simulation forecast of the Chure region of Nepal were here presented. 

Accordingly, forest was the predominant LULC category in the Chure region throughout the years of 

study. The region has been subjected to deforestation prior to 2001. However, conservation and 

reforestation programs including the application of CFs and CFM, alongside various local conservation 

policies could have resulted in an increase of forest cover in some districts.  This assertion is made 
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based on the past trends of LULC change quantified in this study, however, our MLP-CA-Markov 

simulation did not consider the direct effect of policies in the landscape.  

The simulation model projected the distribution of LULC categories to the year 2027 and showed that 

forest cover could increase and cover an area of 13,386 km2 given the influence of population density 

and accounting for slope. 

We found that despite the food demands of an increasing population, agricultural areas would decrease 

in 2027 by 702 km2 compared to 2001, where the agricultural expansion was observed to reach its peak. 

In the same way, bare lands are projected to decrease by 2027 by 314 km2 compared to 1988, where 

bare lands were greatest. 

Additionally, the simulated trends in agriculture and bare lands could be explained by migration from 

rural to urban areas which may reduce the reliance on forestry resources. In addition, as the access to 

forest resources becomes more difficult, and the energy needs of households cannot longer be satisfied 

by forest products, migration is encouraged to get money to find new sources of job and money to pay 

for energy sources (i.e. petrol, kerosene).  

This research presented a number of limitations, including the quality of the Landsat imageries acquired 

for the region and the lack of historical LULC data for verification of LULC categories. For these 

reasons, there could be some discrepancies generated from misclassification and misinterpretation of 

historical LULC changes. Concisely, the discrimination between agriculture and bare land was difficult. 

The main reason for mapping bare lands was characterising erosion processes and land degradation 

caused by natural and anthropogenic factors however, we failed to identify these causes. Moreover, 

bare lands could denote fallow or recently cultivated agricultural lands; or become green and young 

vegetation and could potentially be confused with agriculture. Therefore, agriculture and bare lands in 

this study could be jointly interpreted and conclusions should not be based on either of them 

individually, but on a common process that denotes the absence of forest cover.  

In addition, it is important to mention that the forecasting results presented here may be used for 

methodological purposes only due to the exclusion of important climatological, socio-economic and 

policy variables that could greatly influence LULC forecast. More variables could not be included in 

the present work due to extensive computational limitations given to high volumes of data; therefore, 

we highly encourage the inclusion of more variables in future research to explore alternative LULC 

scenarios. In order to accomplish this, the use of ‘supercomputers’ that can handle heavy loads of data 

is recommended. 
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Despite these limitations, the historical LULC change analysis presented here could be used as an 

information base that reflects the state of the landscape at three different points in time. This information 

can become a powerful tool that could be used by policymakers, conservation agencies and any entity 

with an interest in the human-environment interactions in the Chure region of Nepal, including the 

PCTMCDB. Also, the LULC forecasting represents a robust method that can be applied within the 

region and under different settings allowing predictions out of specific variables and considering past 

LULC trends. 
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 CHAPTER 4 

DETERMINANTS OF LAND USE AND LAND COVER CHANGE IN THE CHURE REGION 

OF NEPAL  

Abstract 

Land use and land cover (LULC) in Nepal is constantly changing due to a combination of anthropogenic 

and natural factors. LULC change, particularly due to deforestation, is of concern in the Chure region 

because of decreasing downstream water availability, among others. The government of Nepal 

implemented several policies including the designation of protected areas (PAs), community forestry 

(CF), collaborative forest management (CFM) and the President Chure-Tarai Madhesh Conservation 

Development Board (PCTMCDB) to reduce deforestation and degradation in this region. However, the 

impact of these initiatives and other factors affecting LULC in the region as a whole remains unclear. 

This paper presents an empirical analysis of the determinants of LULC change in the Chure region to 

better understand the effects of government policies and other contextual variables - land quality and 

population. Using a range of datasets and a spatially explicit multinomial logit model for two transition 

periods: 1988-2001 and 2001-2014, this study found that conversions from forests to agriculture are 

likely to happen in areas that are flat with soils suitable for agriculture, highly populated, and proximate 

to towns and roads. While PAs are effective in preventing deforestation and degradation, CFM does not 

show any significant impact on LULC. The effects of the PCTMCDB could not be quantified since the 

policy is relatively new, however, these findings could be useful for policymakers to assess current 

land-use practices and decide appropriate management strategies to halt or reduce degradation of the 

Chure region.  

4.1 INTRODUCTION  

In the fragile landscape of Nepal land use and land cover (LULC) changes are intensified by the local 

physiography, population pressure and anthropogenic activities. Despite the harsh conditions and abrupt 

terrain at high elevations, the population reached 26.5 million by 2011, of which 11.4 million were 

concentrated in the hills (CBS 2012). The Chure hills extend from the West to the East of Nepal, 

delimited in the North by the Middle Mountains and in the South by the Terai plains –the granary of 

the country (Shrestha, Conway, and Bhattarai 1999; Singh 2007). 

The Chure region is the youngest and most unstable part of the Himalayan complex. Hence, its irregular 

topography and soils unable to hold heavy rains resulted in sedimentation of up to 0.60 m and erosion 

averaging 108.9 t/ha/year in this region (Ghimire and Higaki 2014; K.C. 2012; Tiwari 2000). 
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Degradation processes in the Chure are threatening ecosystems and livelihoods of communities 

especially in the Terai due to upstream-downstream effects (Ghimire and Higaki 2014)  that result in 

increases in the severity and incidence of floods and landslides and reduction of productive lands 

(Ghimire, Higaki, and Bhattarai 2013; Pokhrel 2013; Singh 2007; Tiwari 2000). 

LULC changes in the Chure region go hand in hand with different forest management regimes. Until 

the early 1950s, under the Rana regime, 75% of the private land belonged to the Rana family and their 

supporters under a birta tenure (Bhattarai, Conway, and Shrestha 2002). The rest was occupied by 

scarce settlements of indigenous groups (Bhandari 2013) who made traditional use of the natural 

resources. When the Rana regime was abolished attention was brought to colonising the Chure and 

Terai. Thus, the Private Forest Nationalization Act (1957) endeavoured to reclaim the national resources 

from the previous regime. Even though the act was primarily concerned with forested land in the Terai 

and Chure regions, it created disincentives to people in other regions as well, particularly in the hills. 

As a consequence, former users were unable to satisfy their forest products needs and turned into illegal 

harvesting and forest encroachment. 

Thereupon, a participatory approach that included the local populations in the management of 

government forests (i.e. national forests; NFs) in the form of present-day community forests (CF) 

emerged in the late 1970s and expanded to the Chure in 1993. Accordingly, the members of community 

forests participate in management activities and are granted access to forest products (Adhikari, Di 

Falco, and Lovett 2004; Pandit and Bevilacqua 2011). Afforestation, enhancement of livelihoods and 

conservation of biodiversity have been reported in several watersheds after the application of CFs 

(Adhikari, Di Falco, and Lovett 2004; Awasthi et al. 2002; Brown and Shrestha 2000; Gautam et al. 

2003; Niraula et al. 2013; Shrestha, Dick, and Singh 2009). However, degradation in the hills and the 

downstream remains prominent (Ghimire, Higaki, and Bhattarai 2013; Pokhrel 2013; Singh 2007). 

Further, it has been suggested that populations in the Terai and Chure, particularly those ones residing 

far from forests are missing out on the benefits of CFs (Bampton, Ebregt, and Banjade 2007). Hence, 

the government created the Collaborative Forest Management (CFM) policy in 2000 (MFSC 2000a) 

and applied it in 20 districts of the Terai and Chure regions. The CFM policy aims to include close and 

distant stakeholders in the management of NFs to achieve economic benefits while maintaining 

ecological balance (HMG/MFS 2003).  

With a focus to conserve Chure region, several conservation policies such as the Chure Program 

Strategy (2008) with the subsequent ‘President Chure Conservation Programs’ including the President 

Chure-Tarai Madhesh Conservation Development Board (PCTMCDB) have been created.  The 

objectives of the Board include to mitigate climate change and natural disasters in the Chure hills; the 

damage caused by water disasters in the region; and maintain accessibility to forest products specially 

to households residing far from NFs (GoN/PCTMCDB 2017).   
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It is important to understand the physiographic and socio-economic context in which these policies are 

applied. Only then, it would be possible to determine most relevant management strategies/regimes that 

target local natural resources, populations and their livelihoods. Thus, analysing of LULC changes 

offers an opportunity to understand the underlying processes behind these changes, thereby providing 

a tool for planners and policymakers to generate informed decisions. In this sense, earlier studies of 

LULC changes in the Chure has been targeted to the eastern hills (Bhuju, Yonzon, and Baidya 2007) 

and  Chitwan district and national park (Baidya, Bhuju, & Kandel, 2009; Panta, Kim, & Joshi, 2008). 

Also, the role of physiography, socio-economic parameters and policies have been explored in the Bara 

district (Bhattarai and Conway 2008), in mountainous watersheds (Gautam, Shivakoti, and Webb 

2004b; K.C. 2011), the Central development region (Bhattarai, Conway, and Yousef 2009) and in two 

watersheds within the Chure (Schweik, Adhikari, and Pandit 1997). Although the literature recognises 

the influence of such characteristics on LULC changes, very little is known about their complex 

relationships in the entire Chure region, i.e. from West to East. Therefore, this study aims to analyse 

the spatial relationships of LULC changes with external variables that are expected to influence 

landscape changes in the region over time. Through this analysis - using remote sensing imageries and 

GIS techniques, we quantify the degree of influence of land quality, location, human expansion, and 

government policies on the probabilities of land conversion among LULC categories (i.e. agriculture, 

bare land, forest). For this, we apply a multinomial logit (MNL) econometric model of LULC allocation 

choices. The information generated in this study could enable the assessment of current forestry, 

conservation, and agricultural land use policies and assist in designing and implementing future 

management strategies in the region, including the PCTMCDB. 

4.2 MATERIALS AND METHODS  

4.2.1 Study area  

This study was performed in the entire Chure physiographic region of Nepal that covers 12.84% of the 

country’s area between 26o37’47’ N to 29o10’27’ N and 80o9’25’ E to 88o11’16’ E. The temperature in 

the region fluctuates between 12°C to 30°C throughout the year with a total annual rainfall that varies 

from 1,138 mm to 2,671 mm mostly concentrated in summer monsoon.  

The Chure hills are naturally prone to landslides since they belong to the youngest and most fragile 

portion of the Himalayan complex. The elevation of the region ranges from 30 m to 1,945 m above sea 

level (NASA 2001). Being the hills located North of the Terai plains these two physiographic regions 

are interconnected through upstream-downstream relationships. Moreover, 34% of the Chure has been 

categorised as highly susceptible; 41% as medium-susceptible to landslides; and 12% of the Terai plains 

as susceptible to floods and inundation (GoN/PCTMCDB 2017).  
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4.2.2 LULC analysis  

As the starting point of the analysis, this study used the historical LULC maps of the Chure region 

developed in Chapter 2 (2014) and Chapter 3 (1988; 2001). The maps were derived from satellite 

imageries obtained for the years 1988, 2001 and 2014 from the Landsat sensors Thematic mapper (TM), 

Enhanced thematic mapper (ETM+), and Operational land imager respectively (USGS and EROS 

2014). Seven scenes per year of study were required to cover the region. The scenes were corrected, 

normalised and classified to obtain three LULC maps corresponding to each year of study following 

the pre-processing and classification approach developed in Chapter 2. Each 30 m x 30 m cell (pixel in 

the landscape) represented one of the four LULC categories identified between agriculture, bare land, 

forest or water (Table 4.1.), however, for this analysis, the category water was not included given the 

much less area represented by this category. 

Table 4. 1 Land use and land cover categories 

LULC categories Description 

Agriculture Built-up areas, cultivated areas and grasslands 

Bare land Areas with no vegetation cover, bare riverbeds, stony and gravel areas, 

uncultivated agricultural lands, gullies. 

Forest Land areas covered with trees >10% canopy cover 

Water Water bodies including perennial and seasonal rivers, lakes; natural and 

man-made ponds, flooded lands, lakes and/or reservoirs.  

4.2.3 Modelling approach  

A spatially explicit model of discrete choices was applied to explain LULC to reflect the behaviour of 

individual land users. Explicitly, land users seek enhancement of welfare from the land 𝑊𝑛𝑖 which is 

directly influenced by the surrounding physiography, socio-economic parameters, land tenure and land 

management arrangements. Accordingly, the land user would choose to convert a piece of land (or cell 

in landscape) 𝑛 of uniform quality from its current use 𝑖 to land use 𝑗 if the utility of 𝑗 is equal or higher 

than the utility of 𝑖 minus the any incurred cost of conversion  

𝐶𝑛𝑖𝑗 as 𝑊𝑛𝑗 − 𝐶𝑛𝑖𝑗 ≥  𝑊𝑛𝑖 −  𝐶𝑛𝑖𝑗        (Eq. 4.1)  

Considering that not all factors affecting 𝑊 and 𝐶 are observable, we amend 𝑊 − 𝐶 and add the term 

𝑉 representing the observable variables and a random error term 𝜀𝑛𝑗, representing any unobservable 

elements; then the probability of land conversion can be stated as in Bockstael, (1996) by 

𝑃𝑛𝑗|𝑖= Prob (𝑉𝑛𝑗 +  𝜀𝑛𝑗 >  𝑉𝑛𝑖 +  𝜀𝑛𝑖 )        (Eq. 4.2) 
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Assuming random components are independent and identically distributed (IID) with a type I extreme 

value distribution, a conditional logit model (McFadden 1973) was produced, where the probabilities 

of a land user to allocate a cell in the landscape 𝑛 currently in land use 𝑖 to any of 𝑗 possible land use is:  

𝑃𝑛𝑗|𝑖 =
exp(𝛼𝑖𝑗+ β𝑗

′x𝑛)

∑ exp(𝛼𝑖𝑘+ β𝑘
′ x𝑛)

𝑗
𝑘=0

                            (Eq. 4.3) 

Where 𝑘 represents all possible land uses including 𝑖; 𝛼 denotes transition specific parameters; 𝑥 

represents the explanatory variables for each cell in the landscapes and 𝛽 their corresponding 

coefficients.   

The calculated probabilities of land conversions are determined from the contribution of all the variables 

in the model. Hence, the individual interpretation of estimators is ambiguous. For this reason, the 

marginal effects and their standard errors (Greene 2008) of each variable were calculated to allow their 

individual interpretation while keeping all the other covariates constant. Thus, the marginal effect of an 

explanatory variable 𝑚 of a cell in the landscape with a probability of conversion to land use 𝑗 is: 

 
𝜕𝑃𝑗

𝜕𝑥𝑚
=  𝑃𝑗(𝐵𝑗𝑚 − ∑ 𝛽𝑘𝑚𝑃𝑘) 

𝑗
𝑘=1         (Eq. 4.4) 

The MNL analysis was performed in R software using the ‘vglm’ function in the VGAM packages (R 

Development Core Team 2015; Yee 2018). 

4.2.4 Explanatory variables 

Several parameters may influence the land user’s decisions over land use choices as a function of land 

utility. For instance, suitability for cropping and spatial location of land play key roles in determining 

land quality. However, human dynamics, such as population, and policies become important 

anthropological factors that cannot be disregarded. Therefore, the explanatory variables were grouped 

in four broad categories including land quality, location, human dynamics and policy factors. 

4.2.4.1 Land quality  

It has been suggested that slope is responsible for causing erosion and land degradation especially under 

poor vegetation cover (Kammerbauer and Ardon 1999). Slope as a characteristic of topography is 

particularly important under the geologically unstable conditions of the Himalayan region (Rao and 

Pant 2001) and considered to be an important indicator of land quality. For these reasons, slope values 

were used as an indicator of topography. Slope was calculated using the ‘raster’ (Hijmans 2015) 

package within the R interface (R Development Core Team 2015) using a 30 m resolution global digital 
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elevation model (GDEM) from the Advanced spaceborne thermal emission and reflection radiometer 

(ASTER) (NASA 2001). Slope values for the entire Chure region ranged from 0.05° to 59°.  

On the other hand, as an indicator of land quality, two soil groups were identified using the soil and 

terrain database of Nepal 1:1,000,000 (SOTER) (Dijkshoorn and Huting 2009; ISRIC 2009). 

Accordingly, soils with lower suitability for agriculture and susceptible to flooding include Dystric 

Regosols (RGd), Eutric Gleysols (GLe) and Calcaric Fluvisols (FLc); while soils more suitable for 

agriculture include with better drainage capacity that include Ferralic Cambisols (CMo), Gleyic 

Cambisols (CMg), Eutric Cambisols (CMe), Chromic Cambisols (CMx), Haplic Phaezomes (PHd) and 

Calcaric Phaezomes (PHc). 

4.2.4.2 Location  

The utility of a parcel of land in the landscape is largely enhanced by its location in relation to the 

nearest markets and connectivity. In addition, accessibility may affect rates of deforestation and land 

abandonment (K.C. 2011; Laue and Arima 2016). Therefore, the variables ‘distance to roads’ and 

‘distance to municipalities’ were generated using digital data of Nepal’s municipalities and roads 

network (ICIMOD 2015). Hence, we measured the Euclidean distance in meters of each cell in the 

landscape (LULC map) to the closest municipality and to the nearest road. Distances were calculated 

using r.grow.distance command in the GRASS GIS module (GRASS D.T. 2015). 

4.2.4.3 Human dynamics  

In a broad sense, human activities are the main drivers of LULC change.  Human population measures, 

in particular, could explain the pressure exerted on forests and ecosystems  (Wakeel et al. 2005) and the 

intensity of land management (Acácio et al. 2017). Thus, population density (individuals/km2) was 

calculated as a measure of the human footprint on the landscape. For this, the census data from the years 

1991, 2001 and 2011 (CBS, 1992, 2002, 2012) was used. The data was acquired for each village 

development committee (VDC) and a municipality within the Chure region and was designated to the 

closest year of study where relevant as 1991 to 1988, 2001 to itself and 2011 to 2014. 

4.2.4.4 Policy variables  

Forest management regimes and access restrictions condition human actions on the land. Thus, two 

additional dummy variables were created to represent them. First, one to account for protected areas 

(PAs) during the two transition periods. Concisely, these areas represent the Bardiya and Chitwan 

national parks, where agricultural activities and extraction of forest resources are strictly prohibited. 

Second, a variable was created that quantifies the influence of the CFM policy in practice in 20 districts 

of the Chure and Terai regions relevant to the second transition period (i.e. Kailali, Kanchanpur, Banke, 
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Bardiya, Dang, Kapilbastu, Nawalparasi (East and West), Rupandehi, Bara, Chitwan, Dhanusha, 

Mahottari, Parsa, Rautahat, Sarlahi, Jhapa, Morang, Saptari, Siraha, Sunsari). 

4.2.4.5 Control variable 

A temporal control variable representing the year 2014 was included to account for any unobservable 

determinants of LULC that may change over time. Thus, ensuring that an observed relationship between 

the variables is not associated with the omission of a variable that relates to the other ones.  

4.2.5 LULC transitions and simulations  

This study attempted to identify the individual effect of the dynamic explanatory variables (i.e. 

population density and policies) on the probabilities of LULC allocations in the second period (2001-

2014). Thus, three individual alternative scenarios were created. First, the absence of PAs was tested as 

if the Bardiya and Chitwan national parks were open for access and public use. Second, it was assumed 

that the CF policy was not implemented in the 20 districts of the Terai and Chure regions. Finally, to 

test the effect of human dynamics it was assumed that the population density calculated for the period 

1988 – 2001 did not change during the transition period 2001 – 2014. The simulations were performed 

using the ‘predict’ function of the ‘raster’ package (Hijmans 2015) in (R Development Core Team 

2015). 

4.3  RESULTS  

4.3.1 LULC analysis and trajectories  

LULC analysis showed that forest was the largest category in all the three years of study.  The observed 

forest cover was greatest in the region in 1988 (13,500 km2; 72.9%), which declined to 12,492 km2 

(67.5%) in 2001, with a slight reversal in decline to 12,590 km2 (68%) in 2014. The area of agriculture 

and bare land followed the opposite trends. While in 1988 agriculture represented the lowest proportion 

of the region (3,804 km2; 20.6%), bare land represented the highest (1,095 km2; 5.9%). Conversely, 

agricultural area increased by 2001 (4,959 km2; 26.8%) and then declined by 2014 (4,743 km2; 25.6%); 

while bare lands decreased by 2001 (925 km2; 5.05%) to finally increase by 2014 (1,026 km2; 5.5%).  

The area of water bodies slightly increased in the region but not significantly, with 0.6% in 1988 to 

0.7% in 2001 and 0.8% in 2014 (Table 4.2.; Figure 4.1).  

The transition matrices showed that in both transition periods (Table 4.3; Figure 4.1- 4.2) the highest 

probabilities of conversion between classes are from bare land to agriculture, suggesting that bare land 

may have converted into green areas and young vegetation could potentially be confused with 

agriculture; or that agricultural activities are overtaking bare lands. In addition, changes in the area 

classified as water in the previous period could have been allocated either to agriculture or bare land, 
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which may be attributed to previously flooded areas becoming seasonally dry and/or becoming green 

with young vegetation.  

Table 4. 2 Land use and land cover categories in km2 and (%) 

Category 1988 2001 2014 

Agriculture 
3,804 4,959 4,743 

(20.6) (26.8) (25.6) 

Bare land 
1,095 925 1,026 

(5.9) (5.0) (5.5) 

Forest 
13,500 12,492 12,590 

(72.9) (67.5) (68.0) 

 

Table 4. 3 Land use and land cover transition probabilities  

 2001 

1988 Agriculture Bare land Forest 

Agriculture 0.814981 0.051642 0.127371 

Bare land 0.335222 0.486167 0.132984 

Forest 0.109471 0.011688 0.878030 

 2014 

2001 Agriculture Bare land Forest 

Agriculture 0.715745 0.053577 0.224798 

Bare land 0.295499 0.482655 0.158884 

Forest 0.071313 0.021680 0.90574 
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Figure 4. 1 LULC transitions 1988-2001 
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Figure 4. 2 LULC transitions 2001-2014 
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4.3.2 Determinants of LULC changes  

In this study, a MNL model of LULC allocation choices for the Chure region was developed. For this, 

transitions between three LULC categories over two time intervals (1988-2001; 2001-2014) were used. 

Though, the portion of the category ‘water’ in the region was negligible (<1%), it was assumed that it 

would not influence on LULC allocation choices and therefore was excluded from the analysis. The 

complete MNL model outputs are presented in Appendix 4A.  

The McFadden ρ2 for the model was 0.40 representing an ‘excellent fit’ to the data (McFadden 1973). 

Since the probabilities of transitions calculated by a discrete choice model are determined by the joined 

effect of the explanatory variables, the marginal effects were calculated. Accordingly, the marginal 

effects of the explanatory variables on the probabilities of LULC transitions allowed identification of 

the individual effect of each variable influencing LULC changes (Table 4.4). 

The probability of forests remaining as forest is higher in locations with greater slope isolated from 

cities and roads, with low population densities, with soils not suitable for agriculture that are susceptible 

to flooding (p<0.001), and inside PAs (p<0.05). Loss of forest cover in form of transitions to agriculture 

is likely to happen in areas close to roads, with the lower slope, outside PAs, with high population 

density, with soils not prone to flooding and good for agriculture (p<0.001) and close to municipalities 

(p<0.05). In addition, transitions from forests to bare land are more likely to occur outside PAs, with 

soils suitable for agriculture that are not susceptible to flooding (p<0.001), far from municipalities but 

close to the roads, and in the locations where CFM has been implemented (p<0.01).  

The probability of agricultural lands staying in agriculture is higher in flatter areas, close to 

municipalities and roads, with high population densities (p<0.001), and where soils are suitable for 

agriculture (p<0.05).  

The probability of agricultural lands converting to forest is higher if the area has prominent slopes, 

located far from roads, with low population density and with soils not suitable for agriculture and prone 

to flooding (p<0.001).  On the other hand, agriculture is likely to be converted to bare land in areas 

located far from municipalities, outside PAs with low population densities, with soils that are good for 

agriculture with low susceptibility to flooding (p<0.001) and in prominent slopes (p<0.05). 

The probability of bare land turning to agriculture is higher in flat areas, close to municipalities and 

highly populated (p<0.001); close to roads, within PAs (p<0.01) and within soils not suitable for 

agriculture (p<0.05). The probability of bare lands turning into forests is higher in areas located far from 

roads, inside PAs, in prominent slope, with soils not suitable for agriculture (p<0.001), and in areas 

where CFM hast not been implemented (p<0.05).  
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Table 4. 4 Marginal effects of the explanatory variables on the transition probabilities of LULC change. 

 Marginal effects of explanatory variables on probability of transition 

Explanatory variables 

Alternative 

category 

Agriculture  

Std. Err. 

Alternative 

category 

Bare land  

Std. Err. 

Alternative 

category     

Forest 

Std. Err. 

Initial LULC category 

Agriculture 
                  

Slope -0.005 *** 0.0007 0.001 * 0.0003 0.005 *** 0.0006 

Soils suitable for agriculture 0.027 * 0.0136 0.022 *** 0.0064 -0.050 *** 0.0117 

log (distance to municipality) -0.031 *** 0.0087 0.018 *** 0.0045 0.014  0.0075 

log (distance to closest road) -0.030 *** 0.0045 0.003  0.0022 0.027 *** 0.0038 

log (population density) 0.066 *** 0.0065 -

0.019 

*** 0.0028 -0.047 *** 0.0055 

Protected areas 0.005  0.0394 -

0.058 

*** 0.0168 0.053  0.0326 

Policy CFM -0.010  0.0168 0.013  0.0077 -0.003  0.0143 

Control variable for 2014 -0.112 *** 0.0153 0.025 *** 0.0074 0.087 *** 0.0131 

Initial LULC category    

Bare land 
               

Slope -0.006 **

* 

0.0013 0.003 * 0.0016 0.002 *** 0.0005 

Soils suitable for agriculture -0.055 * 0.0247 0.115 *** 0.0310 -0.060 *** 0.0106 

log (distance to municipality) -0.072 **

* 

0.0169 0.084 *** 0.0218 -0.012  0.0073 

log (distance to closest road) -0.026 ** 0.0082 0.011  0.0105 0.014 *** 0.0035 

log (population density) 0.094 **

* 

0.0110 -

0.086 

*** 0.0135 -0.008  0.0048 

Protected areas 0.183 ** 0.0673 -

0.286 

*** 0.0807 0.103 *** 0.0266 

Policy CFM -0.045  0.0298 0.063 * 0.0372 -0.017 * 0.0126 

Control variable for 2014 -0.138 **

* 

0.0284 0.110 ** 0.0361 0.028 * 0.0122 

Initial LULC category                     

Forest 
               

Slope -0.003 **

* 

0.0003 0.000 * 0.0001 0.003 *** 0.0004 

Soils suitable for agriculture 0.024 **

* 

0.0064 0.011 *** 0.0022 -0.035 *** 0.0073 

log (distance to municipality) -0.010 * 0.0041 0.005 ** 0.0016 0.005 * 0.0047 

log (distance to the closest 

road) 

-0.015 **

* 

0.0021 -

0.001 

** 0.0008 0.016 *** 0.0024 

log (population density) 0.028 **

* 

0.0030 -

0.002 

* 0.0010 -0.026 *** 0.0034 

Protected areas -0.020 **

* 

0.0181 -

0.023 

*** 0.0056 0.043 * 0.0198 

Policy CFM 0.000  0.0079 0.004 ** 0.0027 -0.004  0.0089 

Control variable for 2014 -0.050 **

* 

0.0071 0.001  0.0026 0.049 *** 0.0082 

* Si     Significant at 5%, ** Significant at 1%, and *** Significant at 0.1% 

4.3.3 LULC Simulation  

The average probabilities of LULC transitions were calculated using both, the original variables that 

predicted the MNL model and simulated scenarios. The effect of PAs on land use transitions was tested 

by using the last period of study (2001-2014). It was found that in a scenario where the Bardiya and 

Chitwan National Parks were not protected, the probabilities of forested areas to persist are 94.1% in 
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contrast with the current setting, both of these are national parks, where the probability of forest 

persisting reaches 97.4% (Table 4.5).  

Table 4. 5 Calculated average transition probabilities of the policy variables – PAsa 

Protected area 

Initial category Final category 

  Agriculture Bare land Forest 

Agriculture 0.483 0.135 0.015 

  (0.471) (0.075) (0.019) 

Bare land 0.073 0.574 0.011 

  (0.201) (0.812) (0.040) 

Forest 0.444 0.290 0.974 

  (0.328) (0.113) (0.941) 

a The number in bold between parenthesis represents the average transition probability of a 

simulated scenario without the application of the policy variable PAs in the last time period 

(2001-2014). 

Conversely, while the application of CFM in the 20 Chure and Terai districts resulted in a probability 

of 91.4% of forest remaining. On the contrary, in a scenario where CFM was not implemented, the 

probability of forest persisting was slightly higher at 91.9%. (Table 4.6).  

Table 4. 6 Calculated average transition probabilities of the policy variables – CFMb 

Collaborative Forest Management 

Initial category Final category 

  Agriculture Bare land Forest 

Agriculture 0.732 0.244 0.064 

  (0.742) (0.278) (0.064) 

Bare land 0.067 0.611 0.022 

  (0.053) (0.555) (0.017) 

Forest 0.200 0.144 0.914 

  (0.205) (0.167) (0.919) 

b The number in bold between parenthesis represents the average transition probability of a 

simulated scenario without the application of the policy variable CFM in the last time period 

(2001-2014). 

We also tested the effects of altering population density. Our results indicate that the probabilities of 

forest persisting under the real population density calculated for the period 2001-2014 are 91.3%. 

However, when we assumed that the population density calculated for the period 1988-2001 remained 

constant during the period 2001- 2014, the probabilities of forest persisting are 91.8% (Table 4.7).  
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Table 4. 7 Calculated average transition probabilities population density c 

Population density 

Initial category Final category 

  Agriculture Bare land Forest 

Agriculture 0.715 0.279 0.067 

  (0.697) (0.261) (0.062) 

Bare land 0.066 0.580 0.020 

  (0.071) (0.597) (0.020) 

Forest 0.220 0.141 0.913 

  (0.231) (0.142) (0.918) 

c The number in bold between parenthesis represents the average transition probability of 

a simulated scenario with population density remaining unchanged from the periods 1988-

2001 and 2001-2014. 

4.4 DISCUSSION  

4.4.1 LULC changes 

Remote sensing and GIS techniques are tools that can be adequately used to identify LULC changes at 

regional scales. Thus, in the case of the Chure region, it was found that deforestation took place during 

the first transition period (1988-2001). However, increases in forest cover were recorded in the second 

period (2001-2014). Although, forest increases have not reached the figures recorded in the first year 

of study. These results agree with Sudhakar Reddy et al., (2017) who found that deforestation has been 

taking place throughout Nepal from 1930 to 2014. The special Forest Resource Assessment report for 

the Chure region highlighted deforestation in the region from 1995 to 2010 (FRA/DFRS 2014a).  

Likewise, it is important to mention that the analysis presented in this paper and the figures shown 

represent the whole Chure region. Different trends could have taken place in localised areas or sub-

regions within Chure. To understand this, the reader may refer to Chapter 3 for a detailed LULC analysis 

per province or at the district level.  

Although the Landsat suite contains the most complete historical archives available, its quality is not 

always optimal. Therefore, as stated in Chapter 3 misclassification of pixels and misinterpretation of 

historical LULC changes may not have been entirely eliminated in this analysis and they have potential 

impacts on the results presented. Hence, agriculture and bare lands in this study are not jointly 

interpreted and conclusions are based on a common process that denotes the absence of forest cover. 
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4.4.2 Determinants of LULC changes  

Although it is important to document LULC at a given point in time, it is also important to understand 

the underlying influencing factors behind these processes. Here, it was achieved by examining the 

marginal effects of the explanatory variables of the MNL model.  

This study found that the probabilities of LULC transitions are mainly determined by population 

pressure, accessibility and suitability to agriculture with topography as the main trigger. The Terai 

valleys contain the flattest terrain and richest soils which have encouraged migration, improved 

accessibility, facilities (e.g. infrastructure, markets availability) and other opportunities. These areas 

have the highest population densities, which resulted in the transformation of forests to other LULC 

categories. However, steep slopes, harsh climate, poor infrastructure and limited population mobility 

have not prevented some cities from developing in the hills (Portnov, Adhikari, and Schwartz 2007), 

though their influence on forest transitions was found insignificant.  

The results here presented are in line with Gautam et al., (2004b) who found that deforestation has taken 

place at higher rates in low elevation and close to roads compared to inaccessible forests in high 

elevations in the Upper Roshi Watershed in the Middle Hills. Conversely, our results differ from the 

findings of K.C. (2011) since the author found that higher levels of forest transitions to agriculture 

occurred at high elevations compared to lower elevations in the Galaudu/Pokhare Khola sub-watershed 

in the same region. Nevertheless, these differences may result from inherent characteristics of the 

watershed and these areas are not within the Chure region. 

In addition, it was found that institutional factors have a divided effect on LULC change. Human 

intervention within PAs is restricted and local communities do not obtain direct benefits from forests. 

Conservation wise, the designation of the Bardiya and Chitwan National Parks as PAs has been 

successful on increasing the probability of forest cover remaining within these areas and of bare lands 

reforesting. On the other hand, PAs denote high probabilities of conversion of bare lands to agriculture. 

As previously stated, it was not possible to discriminate between these two categories thoroughly. 

Therefore, it was assumed that the results appoint to the natural revegetation of bare lands that may be 

confused for agriculture.  

It has been shown that PAs are successful at conserving forest resources, however, the policy should 

also focus on satisfying people’s forest needs. In this sense, the decentralization and participatory 

management were encouraged with the opening of buffer zones in PAs and with the development of 

CFs (Satyal Pravat and Humphreys 2013). These aspects should not be left behind in the current and 

future management of forest resources and PAs in order to achieve satisfactory conservation levels and 

sustainable livelihoods.  
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In terms of community engagement in the Terai and Chure region, the government previously hesitated 

to include the community in the management of NFs. The reasons behind may include the diverse 

ethnicity, better accessibility, high migration, better access to markets and high value of the forests  

(Chakraborty 2001; Gautam, Shivakoti, and Webb 2004a). Nevertheless, CFM was created and has 

been applied in the area since 2000 to include the Terai populations in the management of NFs that are 

mainly located in the Chure hills. Thus, our findings indicate that the implementation of CFM does not 

influence most of the probabilities of LULC transitions other than from forest to bare land and vice 

versa. However, within the 14 years between the initiation of the policy and the time of satellite imagery 

acquisition, forest transitions may not have significantly changed; suggesting a less conclusive result 

on CFM’s role to halt or reduce forest degradation.  

Considering that CFM targets the sustainable use of mainly mature government forests that otherwise 

would be unexploited (Bampton, Ebregt, & Banjade, 2007), our findings show high probabilities of 

transition from forest to bare land, therefore it may denote over-extraction of these resources, land 

clearing or landscape degradation. While CFM could be improving the socio-economic benefits of the 

communities, it may be failing in maintaining ecological balance in the forests, being both of these 

statements the principal objectives of its creation. Therefore, the effective monitoring of the forests 

under CFM is recommended to benefit local economies and forest conservation. 

4.5 CONCLUSION  

This study presented a thorough LULC change analysis that captured the relationships between the 

physiography, human dynamics and institutions in the Chure region of Nepal. It uses satellite imagery, 

GIS techniques and a spatially explicit multinomial logit model of LULC allocation choices. We 

assessed seven variables that we expect to influence transition probabilities between LULC categories 

between two periods, between 1988 - 2001 and 2001 - 2014. The marginal effects of the explanatory 

variables indicate that the probabilities of agriculture increasing at the expense of forests is higher in 

the Terai valleys and flat areas with soils suitable for agriculture that are not susceptible to flooding. 

These areas tend to host high population densities and are located within or close to municipalities and 

enjoy connectivity to markets through the ease of access and short distances to roads.  

It was also found that within the Bardiya and Chitwan National Parks forested area is not likely to 

decline and that bare lands within the parks could be reforesting. This suggests that restrictions in the 

use and access to these forests, in particular, have been successful in conservation. Additionally, the 

application of CFM does not show any significant influence on afforestation. Instead, it suggests high 

probabilities of over-extraction of forest resources that may cause landscape degradation particularly in 

hilly remote areas. For these reasons it is suggested that CFM should be carefully regulated with specific 

attention to harvesting volumes that provide economic benefits to stakeholders and preserve forests.  
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Despite the lack of freely available quality satellite data for characterising LULC, the results here 

generated are robust on the trend of LULC change in the landscape. These findings could be used to 

examine current policies and forest management regimes and in the creation of future ones. Specifically, 

the LULC change maps here generated can be used to update existing maps; to detect forest change, 

populated areas; and planning forest and biodiversity management activities within the Chure region.  

Likewise, the information generated here could provide valuable insights for the conservation activities 

carried out by the PCTMCDB. Moreover, we suggest that the outcomes here presented could be 

improved by performing localised LULC analyses at higher at spectral resolution. In the same way, it 

would be interesting to quantify the impact of additional explanatory variables in the MNL model i.e. 

rainfall, natural disasters, etc. and the analysis of the socio-economic characteristics of dependent 

communities would be desirable.  

Despite these limitations, the methodologies here applied could be interpolated for the study of the 

determinants of LULC change in other areas particularly in those ones with several factors influencing 

changes in the landscape. 

  



90 

 

Appendix 4A:  

Complete MNL model  

 Estimate Std. 

Error 

z value Pr(>|z|)  
(Intercept): agriculture 2.765 0.607 4.551 5.34E-06 *** 

(Intercept): bare land  -2.920 1.059 -2.757 0.006 ** 

past LULC  bare land: agriculture -0.368 0.164 -2.249 0.025 * 

past LULC  bare land: bare land  2.611 0.176 14.848 < 2.00E-

16 

*** 

past LULC  forest: agriculture -3.260 0.074 -44.053 < 2.00E-

16 

*** 

past LULC  forest: bare land -2.484 0.142 -17.451 < 2.00E-

16 

*** 

slope: agriculture -0.032 0.004 -8.196 2.48E-16 *** 

slope: bare land -0.009 0.006 -1.431 0.152 
 

log (distance to municipalities): agriculture -0.115 0.050 -2.291 0.022 * 

log(distance to municipalities): bare land 0.253 0.092 2.767 0.006 ** 

log(distance to roads+1): agriculture -0.186 0.025 -7.293 3.04E-13 *** 

log(distance to roads+1): bare land -0.091 0.044 -2.080 0.038 * 

PAs: agriculture -0.274 0.223 -1.232 0.218 
 

PAs: bare land -1.348 0.325 -4.144 3.41E-05 *** 

log(population density+1): agriculture 0.337 0.037 9.058 < 2.00E-

16 

*** 

log(population density+1): bare land -0.099 0.056 -1.768 0.077 . 

soils suitable for agriculture: agriculture 0.302 0.079 3.832 1.27E-04 *** 

soils suitable for agriculture: bare land 0.681 0.131 5.211 1.88E-07 *** 

control variable 2014:agriculture -0.611 0.088 -6.940 3.91E-12 *** 

control variable 2014:bare land  -0.004 0.151 -0.024 0.981 
 

CFM: agriculture 0.004 0.097 0.040 0.968 
 

CFM: bare land 0.254 0.156 1.628 0.104 
 

* Significant at 5%, ** Significant at 1%, and *** Significant at 0.1 
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CHAPTER 5  

HOUSEHOLDS PERCEPTIONS ON NATURAL RESOURCES AND DETERMINANTS OF 

FOREST INCOME AND FOREST DEPENDENCE: THE CASE OF THE ARUN KHOLA 

WATERSHED IN NEPAL  

Abstract 

This case study analyses the perceptions of local people on natural resources and factors influencing 

total forest income and forest dependence in the Arun Khola watershed of Nepal. The data was collected 

through questionnaire surveys applied to 321 households selected randomly from various community 

forest user groups’ constitutions in the watershed. The households believe that most damaging processes 

in the area are deforestation and forest fires, which may be caused by overpopulation, natural fragility 

of the landscape and overgrazing. In addition, households reported that soil erosion, floods and 

landslides have remained unchanged; however, availability of groundwater has decreased. In addition, 

we found that moderately-wealthy households receive the highest total forest income; and that the 

poorest households are more forest-dependent (46.7% of total income). Total forest income is 

influenced by the household size, distance to the nearest highway, livestock numbers, and area of non-

irrigated cropland owned. In addition, pasture area owned also influenced forest dependence. Policies 

should target substitution of firewood as the main source of energy, encourage off-farm work and 

development of own businesses to increase incomes and alleviate forest pressure, and encourage the 

use of products that replace the use of fodder for animal feed obtained from the forest. Restricting the 

access and use of forest resources may jeopardise the households’ ability to satisfy their forest needs, 

therefore, analysing the sustainable use of forest resources is needed to guarantee livelihoods and 

preserve forest resources. 

5.1 INTRODUCTION  

Forests are part of rural economies particularly in developing countries, where sources of employment 

and economic activities are limited. In their seminal work, Angelsen & Wunder (2003) indicated that 

forest resources serve as ‘safety nets’ for households with lower incomes; and ‘gap-fillers’ for auto-

consumption and source of revenue in times of negative shocks. Under scenarios where local 

populations are highly dependent on the natural resources, forests provide timber, fodder, litter and non-

timber forest products (NTFP) to satisfy the households’ everyday needs of energy, construction, animal 

feed, medicines and cultural forest products. 

Forest dependency has been defined as the share of forest income in the total households’ income 

(Angelsen and Wunder 2003; Coomes, Barham, and Takasaki 2004; Uberhuaga, Smith-Hall, and Helles 
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2012; Zenteno et al. 2013). Moreover, the emergent literature about forest dependency has shown that 

the level of forest dependence is influenced by the households’ socio-economic characteristics. For 

instance, individuals and households within the poorest socio-economic groups are more forest-

dependent (Adhikari, Williams, and Lovett 2007; Belcher, Achdiawan, and Dewi 2015; Cavendish 

2000; Kamanga, Vedeld, and Sjaastad 2009; Oli and Treue 2015; Sapkota and Odén 2008), and 

commonly have no or very few sources of substitution for the forest products they use. However, there 

is a tendency for households to become less forest-dependent as income increases (Daksa and Kotu 

2015; Thondhlana and Muchapondwa 2014). For example, in the Ha Tinh province of Vietnam and in 

the Chitwan district of Nepal, households within the moderately-wealthy strata are found to be more 

forest-dependent (Mcelwee 2008; Panta, Kim, and Lee 2009a). On the other hand, the rich might collect 

more fodder and litter (Adhikari, Di Falco, and Lovett 2004) given their needs for livestock feed and 

animal bedding as well as firewood to satisfy higher energy needs (Baba, Islam, and Qaisar 2015). 

Likewise, household size, composition, gender, and education play important roles in forest 

dependence. Generally, small households extract and consume lower quantities of forest products than 

larger ones (Adhikari, Williams, and Lovett 2007; Baba, Islam, and Qaisar 2015). Also, female 

households are more dependent on the forest in rural male-dominated societies. Thus, female labour is 

allocated to low return collection and gathering activities, while male labour is allocated to physically 

demanding activities such as ploughing and off-farm work (Cavendish 2000). On the other hand, 

education is negatively associated with forest dependence (Adhikari 2005; Mamo, Sjaastad, and Vedeld 

2007; Sapkota and Odén 2008), since educated households tend to pursue wage employment or be 

associated to business activities.  

Additionally, the age of households can also influence forest dependence. Older households could be 

more forest-dependent since they tend to stay longer in the household and possess significant knowledge 

of forest products and wildlife (Lacuna-Richman 2002). This, combined with the lack of strength to 

perform agricultural activities result in higher rates of forest products extraction (Cavendish 2000). On 

the other hand, younger households might also be more forest-dependent given the lack of access to 

government jobs and wage labour (Mcelwee 2010); and older households might receive government 

economic support and therefore become less forest-dependent (Thondhlana and Muchapondwa 2014). 

These observations suggest that household age alone does not determine the degree of forest 

dependence, but in combination with other factors it may be of significance. 

On the other hand, locational factors seem to influence forest dependency as well. Households located 

close to forests tend to be more forest-dependent (Belcher, Achdiawan, and Dewi 2015; Daksa and Kotu 

2015; Mamo, Sjaastad, and Vedeld 2007; Mcelwee 2008). Remoteness is usually related to isolation 

from markets and government services and urban amenities; all these factors are expected to influence 

forest use (Sunderlin et al. 2005). 
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The study of forest dependence is particularly important in countries like Nepal, where over 95% of the 

population directly depends on forests for timber and NTFP (Gautam 2006). High forest-dependence 

may result in the overuse of forest resources and cause soil erosion, reduction on water retention, 

landslides, loss of biodiversity and resources degradation (Pandit and Bevilacqua 2011; Sunderlin et al. 

2005); effects that are accentuated by geographic features. A clear example is the Chure hills and the 

Terai plains of Nepal. The former constitutes the most recent and fragile portion of the Himalayas, 

susceptible to degradation; and the latter represents the granary of the country (Pariyar 2008; Shrestha, 

Conway, and Bhattarai 1999; Singh 2007). Given upstream-downstream relationships, the plains are 

subject to landslides and deposition of materials carried from the hills; effects that appeared as a 

consequence of deforestation in the Chure that started five or six decades ago (Pokhrel 2013).  

Degradation in the Chure and Terai are threatening the country agricultural lands and the livelihoods of 

the majority of the population that is concentrated in these areas. 

In order to halt deforestation and environmental degradation, the government of Nepal handed over 

government forested land to Community Forest User Groups (CFUGs) through the Community Forests 

(CFs) approach. CF has achieved success in afforestation through the inclusion of local communities in 

the management of forest resources and the distribution of their benefits. By 2014, about 72% of the 

land of the Chure was covered by forests, with most of it under government management, and the rest 

as CFs (~2,800 CFUGs), leasehold forests and protected areas (FRA/DFRS 2014). 

Despite the success of CFs, deforestation in the region is still reported and therefore, degradation in the 

Chure and Terai is still taking place. Thus, the government created the President Chure-Tarai Madhesh 

Conservation Development Board (PCTMCDB) with the goal of halting degradation in the Chure and 

contributing to poverty reduction. For this, the Board aims to achieve conservation and sustainable 

management of the resources of the Chure region and improvement of the s (GoN/PCTMCDB 2017). 

The PCTMCDB master plan includes restrictions of access and use of areas prone to degradation. While 

this measure may achieve environmental conservation, restrictions of access and use of forests could 

also threaten the livelihood of highly dependent populations (Mamo, Sjaastad, and Vedeld 2007). On 

the other hand, direct or indirect promotion of household forest dependence could encourage resources 

depletion and constrain economic growth of the most vulnerable (López-Feldman, Taylor, and Yúnez-

Naude 2011). For these reasons, policies appear to converge: to achieve environmental conservation 

and guarantee livelihoods of dependent populations.  

Unfortunatelly, policies have not completely halted deforestation, guaranteed livelihoods and people’s 

safety, (Ojha et al. 2016) nor has achieved a thorough inclusion of all the stakeholders’ in decision-

making processes  (Ojha et al. 2014) especially those who are socio-economically marginalised (Ojha 

et al. 2016). Hence, an accurate understanding of welfare and household’s socio-economic 

characteristics is crucial for the development and implementation of the efficient policies. However, 
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this can only be achieved with the inclusion of the economic contribution of forest resources (Cavendish 

2000). 

Understanding the households’ dependence on forest resources is crucial to reduce deforestation and 

degradation processes through policy intervention. However, there has been little empirical research on 

the role of forests in the households’ economy in Nepal, that can lead to the formulation of accurate 

conservation and livelihoods policies in the Chure and Terai regions.  

The main objectives of this research are to understand the determinants of households’ forest income 

and forest dependence and identify the households’ perceptions of natural resources. For this, primary 

data was collected in the Arun Khola watershed through a household survey. The information presented 

here includes estimation of household income accounts using a recall period of one year and focuses on 

the forest income and forest dependence using regression models to understand the determinants. Thus, 

the study in this watershed will present similar scenarios in several localities within Nepal, where 

households’ connection with forests and the environment are highly influenced by changing politics 

and volatility of government policies, highly fragmented society, party-politics penetrating the local life 

and livelihoods and remittance economies in Nepal.   

This research will contribute to the knowledge of the importance of forest resources to households 

through a study of a watershed located within two physiographic settings: the hills and plains of Nepal; 

and will provide information needed to derive policy recommendations that may enhance the creation 

of new strategies and the revision of current government practices within these regions.  

5.2 MATERIALS AND METHODS 

5.2.1 Study area 

This study was conducted in the Arun Khola watershed (Figure 5.1) along the Arun Khola river system 

within the Nawalparasi1 and Palpa districts in Nepal. Its geographic location allows the capture of the 

relationships between two different physiographic settings: the Chure hills and the Terai plains. The 

study area was chosen after conducting a personal interview with the members of the PCTMCDB, who 

pointed out the importance of this river system and the current political and environmental issues the 

watershed has been subjected to. 

The elevation of the watershed ranges from 151 to 1,618 meters above sea level (NASA, 2001), and the 

average temperature fluctuated between 8°C to 23°C at lower elevations, and from 5°C to 19°C at higher 

elevations throughout 2016 (WWOL, 2017). The lower portion of the watershed is located in an inner 

Terai valley, close to the densely populated Arun Khola city centre. It enjoys high connectivity through 

 
1 Currently Nawalparasi East and Nawalparasi West 
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the East-West highway. The upper portion of the watershed is more isolated and scarcely populated and 

is highly dependent on seasonal roads and limited transportation. There are no main city centres in this 

area, however, and Rampur is the closest business hub. Forest is the main land cover, and rainfed 

agriculture in terraces and grazing are the main subsistence activities. 

 

Figure 5. 1 Spatial location of the Arun Khola watershed 

5.2.2 Data collection   

The study was carried out using primary data and information collected through households’ surveys in 

2016. The survey sample was determined using a combination of purposive and random sampling. First, 

using a GIS platform and digital maps of the Nepal village development committees (Nepal 

administrative unit; VDC), wards (VDC subdivisions) (MFSC, 2014), and an ASTER global digital 

elevation model (GDEM) (NASA, 2001), the wards within the watershed were classified according to 

their location (hills and plains). Second, for the selection of participants, CFs constitution rosters were 

obtained from the local District forest office (DFO). The wards of interest firstly identified were selected 

from the constitution rosters, allowing one to identify the potential participants. The information 

contained in the rosters included the name of the member, home location, name of the CF (Palpa 

district); and additionally, a socio-economic ranking of the member as poorer, poor, moderately-

wealthy or rich (Nawalparasi district). According to the Nawalparasi DFO, an individual is considered 

poor if they hold less than 2 Ropani (1 Ropani= 0.05 hectares), of land and/or his/her crop or grain 

production allows self-consumption of the product for less than 6 months in a year; any individual 

below this threshold is considered poorer. In the same way, an individual is categorized within medium 

when they hold 2 to 5 Ropani and/or his/her crop or grain production allows self-consumption of the 
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product for 6 months to 1 year; and rich are those who hold more than 5 Ropani of land and /or his/her 

crop or grain production allows self-consumption of the product for an entire year, plus stock-holding 

and commercialisation. 

Accordingly, it was intended to obtain a sample proportional to the number of households belonging to 

each physiographic setting as well as each economic status. This was possible for Nawalparasi East; 

however, since the constitution rosters did not include a socio-economic ranking for households from 

Palpa, the participants for this district were randomly selected.  

The data was collected in the form of survey questionnaires administrated as personal interviews in the 

households’ premises. The questionnaire was designed to obtain information about the socio-economic 

characteristics including land and livestock ownership, households’ income and forest products use. It 

was originally written in English and translated to Nepali. The draft questionnaire was tested in the 

Institute of Forestry of the Tribhuvan University to ensure the respondents’ full understanding of its 

content, and amendments were made following the feedback from testing. The survey was conducted 

by local foresters (two female and two male) that were recruited as enumerators. To ensure the accuracy 

of the data collected, the researchers trained the enumerators on data collection and resolved all 

concerns that may have arisen. Because the enumerators were local to the region, they were aware of 

the ongoing ecological, social and political context of the area, and as foresters, they could understand 

the technical implications of the relationships between the forest stakeholders and the forest itself. 

The data from the questionnaires were entered into the database and cleaned by excluding inconsistent 

information and missing data, and by requesting clarifications to the enumerators when necessary. The 

final sample included 321 households in 34 CFs and 14 VDCs in the Arun Khola watershed.  

5.2.3 Data analysis  

5.2.3.1 Income sources and income accounting 

For analysis purposes, we divided the observations into income quartiles and identified them as poorer, 

poor, moderately-wealthy and rich. In addition, we defined the total annual income as the sum of all 

income items received by the households during the year before the survey was conducted. The 

economic activities reported were grouped into different 7 sources: crop income, commercial farming 

income, forest income, wage income, own business income, remittances, and other income. 

Crop income represents the sum of income from the sale of crops including cereals, vegetables, fruits, 

rhizomes (turmeric and ginger), legumes (lentils, soy, peas), NTFP purposely cropped and harvested in 

private lands (amliso, bamboo), coffee. The values recorded did not include the cost of inputs, labour 

or commercialisation costs. Commercial farming income was the revenue from poultry and goat farms 

with commercial purposes. Forest income was calculated by multiplying the amount of timber, fodder 
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and litter extracted from CFs in the last year by their market prices (Table 5.1). Given the variety of tree 

species, the most common tree species (Shorea robusta; Sal) was considered as a reference. Wage 

income was calculated as the sum of any regular or casual jobs undertaken during the year. Own 

businesses income represented revenue from own business or entrepreneurship; including construction 

activities, drivers, hotel and tea shop owners, tailors, performers, petty traders, brewers, diverse shops 

(utensils, electronics, clothes, hardware, stationery, etc.). Remittances income represented the income 

received from households working overseas; and other income sources represented external donations, 

loans and money from renting out the land. 

5.2.3.2 Determinants of forest income and forest dependence 

Descriptive statistics were used to report household income shares, socio-economic characteristics and 

perceptions on the environment and current policies. On the other hand, the determinants of forest 

income and forest dependence were analysed through the regression analysis. It was hypothesised that 

forest income and dependence are associated with the household’s socio-economic characteristics and 

locational settings.   

5.3 RESULTS 

5.3.1 Households’ socio-economic characteristics   

Most participants belonged to the age group between 41 to 55 years (n=134) and between 56 to 70 years 

(n=81); 69.78% of households were male-headed, and 30.22% were female-headed. In addition, 45.48% 

(n=146) of household heads were illiterate, 27.73% (n=89) finished primary school (Class 5), 13% 

(n=42) obtained a high school degree (Class 10), 1.56% (n=5) obtained an associate degree (Class 10+2) 

and less than 1% got a Bachelors degree.  

We categorised land ownership by the suitability and purpose of cultivation. The average landholding 

of irrigated cropland among the sampled households was 5.25 Ropani while non-irrigated agricultural 

land corresponded to an average of 4.4 Ropani, pastures to 0.91 Ropani, and private forests to 0.93 

Ropani. Most households were local to the watershed by birth (66.36%; n=213) while the remaining 

households migrated either from the hills or from the Terai region. 87% (n=279) of the sampled 

households used firewood as the main source of energy, and 11% (n=34) categorised firewood as their 

second choice of energy source. Following, gas (Liquid petroleum) represented the preferred source of 

energy for 9% of the sampled household; however, it represented the second choice of energy source 

for 16.5% (n=53) of the respondents. Biogas was the primary source of energy for only 2.2% (n=7) of 

respondents. However, it was the second choice of energy for the other 7% (n=21).  Kerosene and 

electricity were not important sources of energy.  A detailed description of the household characteristics, 

land and livestock ownership and locational settings per income quartiles is presented in Table 5.1.   
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Table 5. 1 Household characteristics and locational attributes per income quartiles (unit ± SD). 

 Poorer Poor Moderately-wealthy Rich  
Sample mean 

 Lowest 25% 25-50% 50-75% Top 25% 

      

Elevation (masl) 662  ±  482 695   ±  436  708  ±  381 598  ±  411 666.54 ± 430.29 

Household sex (count of females) 20 25 20 32 97 * 

Household size (count) 5.95 ± 1.83 6.37 ±  1.97 6.86  ±  1.80 6.82  ±  2.21 6.51 ± 1.97 

Household head age (count) 47.71 ± 13.42 48.36  ±  14.84 49.50  ±  12.06 46.37  ±  14.86 47.98 ± 13.68 

Household head education (number of years completed) 11.4  ± 1.91 10.17  ±  2.49 9.89  ±  2.39 10.48  ±  2.43 10.46 ± 2.29 

Distance to the closest trail (m) 1,365 ±  2,020 1,346  ±  2,177 1,592  ±  2,252 1,221  ±  2,535 1,411.04  ± 2,287.22 

Distance to the highway (m) 17,397 ± 16,319 19,341  ±  15,124 20,921  ±  14,265 14,191  ±  12,115 17,893.38 ± 14,745.06 

Distance to the community forest (m) 1,300 ± 1,209 1,159  ±  1,054 1,267  ± 1,082 1,207  ±  2,221 1,227.52 ± 1,471.19 

Distance to the closest city (m) 5,580 ± 6,823 4,597  ±  5,254 5,443  ±  5,726 3,266  ±  3,781 4,757.67 ± 5,612.80 

Area of private forest owned (Ropani) ** 0.68 ±  1.28 0.92  ±  1.83 1.19  ±  2.02 0.87  ± 2.00 0.93 ± 1,83 

Area of irrigiated cropland owned (Ropani)** 4.37 ±  4.92 4.66  ±  5.00 6.13  ±  5.55 5.56  ±  4.39 5,25 ± 5.03 

Area of non-irrigated cropland owned (Ropani)** 3.37 ±  3.14 5.88  ±  4.21 5.57  ±  5.11 3.01  ±  3.18 4.40 ± 4.18 

Area of pastures owned (Ropani)** 1.05 ±  1.77 1.10  ±  3.47 0.91  ±  2.00 0.67  ±  1.53 0.91 ± 2.34 

TLU (Tropical livestock unit) 2.44 ± 1.98 3.04 ± 2.16 3.52  ±  2.67 2.69  ±  2.53 2.88 ± 2.34 

* total count of female-headed households. **1Ropani = 0.50 hectares   
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5.3.2 Households’ perceptions of the status and changes of natural resources 

Previous studies reported that moderate and severe encroachment in public forest takes place across the 

Chure region (FRA/DFRS 2014) and that it is one of the main causes of deforestation. In this respect, 

41.4% (n=132) of the respondents believe that there is no encroachment in the government forests. 

Moreover, out of the remaining 58.6% from the respondents that reported that encroachment is taking 

place, 13.71% (n=44) assert that the main cause of encroachment is the lack of land for agriculture 

and/or agricultural products, while 17.13% (n=55) believe that the need of land for settlements leads to 

forest encroachment, and 11.83% (n=38) think that overpopulation and population growth is the main 

cause. 

Regarding the drivers of degradation of the Chure hills, 90% (n=289) of the respondents indicated that 

deforestation is a damaging factor, to different extents. On the other hand, 87% (n= 279) indicated that 

forest fires are an important cause of degradation and the most damaging process (12.3%; n=33). In 

addition, 23.1% (n=74) reported forest encroachment as a source of degradation in the Chure hills; 

9.34% (n=30) households indicated that overpopulation is the most damaging process; 9% (n=29) 

blamed the natural fragility of the landscape and 8.1% (n=26) overgrazing. 

The respondents believe that the availability of groundwater has decreased since the time when they 

first came to the watershed (71.33%; n=229); the access to drinking water is thought to have increased 

(73.5%; n=236); the access to irrigation water has also increased (53%; n=170) while others believe it 

has remained unchanged (30.84%; n=99). Also, 44.24% (n=142), 47.4% (n=152), and 54.83% (n=176) 

believe that erosion, floods and landslides respectively have remained unchanged since they came to 

live in the watershed.  

5.3.3 Households’ total income and income shares 

The annual total mean household income and income sources categorised by quartiles are presented in 

Table 5.2. Overall, the highest contributor to household income on average are remittances from 

households’ members residing overseas. Accordingly, this source accounts for 45.9% of the total 

income of the average sampled household. However, when categorising into income quartiles, for the 

first one (lowest 25%), remittances only represent an average of 3% of the total income. The rich 

households present the highest percentage of income from remittances with 56.7% of total annual 

income. 

Crop income represents the second-lowest income source among the respondents, accounting with 1.5% 

on average to total income. However, the lower the total household income is, the higher the 

contribution of agriculture. Hence, it represents 7.6% on average in the case of poorer households, 

decreasing to 2.8%, 1.6% and 1.0% for poor, moderately-wealthy and rich households.  In the same 
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way, animal/livestock income is higher when the total income is lower. Therefore, it accounts for 11.1% 

among poorer households, decreases to 4.4% among poor households and reaches 3.7% and 3.6% 

among medium and rich households respectively. 

Income from wages accounted significantly to household income among the first three quartiles. Hence, 

the highest contribution of wages income was within the moderately-wealthy households group with 

18.9%, decreasing to 17% and 17.2% for poorer and poor households respectively. However, the lowest 

contribution of wages to total income was recorded for the rich group, with 8.2% only. 

The contribution of own businesses to total household income was the highest among poor households 

(quartile 25%-50%) with 17.6%, followed by rich households with 16.1%. For poorer and moderately-

wealthy households, own business represented 9.0% and 9.3% respectively.  

Poor households received more income from ‘other’ sources (i.e. loans, government payments, etc.) 

with 10.6% of total income, followed by the lowest 25% quartile with 6.7% and the rich with 4.8%. 

Importantly, the information obtained in the household survey reflects the high contribution of forest 

resources to total household income for the poorest income group. It accounts for 45.7% of total 

household income, which drastically decreased in the next income quartiles to 15.4% and 16.2% for 

poor and moderately-wealthy households; and to only 8.2% of total household income for the rich.  The 

lowest contributor to total income was commercial farming income (0.9%; n=6), which is present only 

within medium and rich households.  

Table 5. 2 Total annual mean household forest income (NPR*) and forest dependence (%) income by income source and 

income quartile. 

Income source 

Poorer Poor Moderately-

wealthy 

Rich  

Sample mean 

Lowest 25% 25 - 50% 50 - 75% Top 25% 

Abs Rel Abs Rel Abs Rel Abs Rel Abs Rel 

Total income  70,967  100 232,150   100 416,941   100 733,927 100 366,720 100 

Agriculture 5,315  7.6 6,101   2.8 6,750   1.6 6,072   1.0 5,511 1.5 

Commercial 

farm  

0  0 0   0 4,976  1.1 8,133   1.3 3,405 0.9 

Animal  8,023  11.1 8,917   4.4 16,166   3.7 23,397   3.6 14,324 3.9 

Wages 14,630  17.0 37,583   17.2 72,023   18.9 61,337   8.2 46,673 12.7 

Own business  9,619  9.0 40,440   17.6 40,297   9.3 151,204 16.1 61,340 16.7 

Remittances  2,857  3.0 82,381   32.2 201,309  47.2 381,686 56.7 168,474 45.9 

Other 4,363  6.7 22,875   10.6 9,250   2.1 48,048   4.8 21,810 5.9 

Forest 26,158  45.7 33,852   15.4 66,167   16.2 54,047   8.2 45,185 12.3 

* 1USD = 106.58  NPR (Nepalese Rupee; apr/may 2016) 
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5.3.4 Determinants of forest income and forest dependence 

Descriptive statistics of the variables used in the models are presented in table 5.1. Ordinary least square 

(OLS) was performed in order to identify the degree of influence of socio-economic and locational 

households’ characteristics on forest income (Mamo, Sjaastad, and Vedeld 2007; Rayamajhi, Smith-

Hall, and Helles 2012; Uberhuaga, Smith-Hall, and Helles 2012). Hence, this study aimed to identify 

the influence of locational and socio-economic characteristics on forest income and forest dependence. 

Only 307 observations were used in the models which represented complete cases for all the explanatory 

variables. The results of the OLS regressions are presented in Table 5.3 and Table 5.4. Prior modelling 

application, we calculated the variance inflation factor (VIF) (Zuur et al. 2009) showing that no 

multicollinearity was present among the explanatory variables. Later, the logarithmic transformation of 

the data was used in order to reduce the possibility of heteroscedasticity (Bhattarai 2016; Sapkota and 

Odén 2008). Following, we applied the Breusch-Pagan test,  with p=0.07305 for forest income and 

p=0.04876 for forest dependence; indicating the presence of heteroscedasticity for the latter. Hence, we 

applied the White-correction method (White 1980) to obtain a heteroscedasticity-corrected covariance 

matrix for the model. The forest income model presented a f-statistics of 3.755 on 306 degrees of 

freedom, with a p-value of 7.545e-06, a residual standard error of 2.327 and an R2 of 0.1466. The forest 

dependence model presented a f-statistics of 14.39 on 305 degrees of freedom, with a p-value of <2.2e-

16, a residual standard error of 0.9823 and an R2 of 0.4143. 

Table 5. 3 Ordinary least square (OLS) regression of forest income against households’ socio-economic and locational 

characteristics. 

 Estimate  Std. Error t value Pr (>|t|)  

Intercept 5.3889 1.5937 3.3810 0.0008 *** 

Elevation  -0.0005 0.0006 -0.8550 0.3932  

Log distance to city 0.1414 0.2082 0.6790 0.4975  

Log distance to highway  0.2428 0.1383 1.7560 0.0800 . 

Log distance to CF 0.1222 0.1456 0.8390 0.4019  

Household size  0.1610 0.0746 2.1580 0.0317 * 

Male household head -0.2579 0.3003 -0.8590 0.3912  

Household age  -0.0175 0.0139 -1.2530 0.2112  

Household level of education  -0.0168 0.0589 -0.2840 0.7763  

Area of private forest owned 0.0623 0.0766 0.8130 0.4168  

Area of irrigated land owned  0.0210 0.0283 0.7400 0.4599  

Area of non-irrigated land owned  -0.0694 0.0361 -1.9240 0.0553 . 

Area of pasture owned -0.0850 0.0619 -1.3720 0.1711  

Tropical livestock unit TLU 0.1851 0.0727 2.5460 0.0114 * 

Years living in the watershed 0.0093 0.0133 0.7010 0.4839  

. Significant at 10%, *Significant at 5%, ** Significant at 1%, and *** Significant at 0.1% 
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Among socio-economic characteristics, household size was found significant for forest income and 

forest dependence. Hence, the larger the number of household members the higher forest income 

generated and forest dependence (p<0.05). In the same way, the larger the amount of livestock owned 

by the household, the higher the forest income (p<0.05) and the higher forest dependence (p<0.001). In 

addition, it was found that households’ with non-or small landholdings of non-irrigated cropland are 

likely to generate higher incomes from forest resources and be more forest-dependent (p<0.1). In 

addition, households’ without private pastures owned were found to be more forest-dependent (p<0.05); 

and overall, households’ whose total income was lower were found to be significantly more forest-

dependent (p<0.001).  

Table 5. 4 Ordinary least square (OLS) regression of forest dependence against households’ socio-economic and locational 

characteristics. 

 Estimate  Std. Error t value Pr (>|t|)  

Intercept 8.4278 0.9229 9.1320  < 2e-16 *** 

Elevation -0.0002 0.0002 -1.0350 0.3014  

Log distance to city 0.0465 0.0879 0.5300 0.5968  

Log distance to highway  0.1342 0.0585 2.2940 0.0225 * 

Log distance to CF 0.0258 0.0615 0.4200 0.6749  

Household size  0.0765 0.0320 2.3920 0.0174 * 

Male household head -0.1105 0.1274 -0.8670 0.3867  

Household age  -0.0060 0.0059 -1.0180 0.3093  

Household level of education  -0.0122 0.0250 -0.4890 0.6252  

Area of private forest owned 0.0051 0.0324 0.1580 0.8749  

Area of irrigated land owned  0.0046 0.0120 0.3820 0.7029  

Area of non-irrigated land owned  -0.0289 0.0152 -1.8980 0.0586 . 

Area of pasture owned -0.0540 0.0262 -2.0660 0.0397 * 

Tropical livestock unit TLU 0.1171 0.0307 3.8150 0.0002 *** 

Years living in the watershed 0.0011 0.0056 0.2010 0.8411  

Log total income  -0.6261 0.0507 -12.3400   < 2e-16 *** 

. Significant at 10%, *Significant at 5%, ** Significant at 1%, and *** Significant at 0.1% 

5.4. DISCUSSION 

After analysing 51 case studies, Vedeld, Angelsen, Bojö, Sjaastad, & Kobugabe Berg (2007), assert 

that even though forest dependence declines as total income increases, this relationship is non-

significant. Likewise, the results obtained in this research indicate that the highest rates of forest 

dependence predominate among the poorest households (lowest 25% income quartile) with 45.7% of 

the total income. Thus, in Nepal, it has been reported that poor households are highly dependent on 

forest for firewood in the Rupandehi district (Sapkota and Odén 2008); and that the livelihood source 

for firewood collection represents 20% in the Chitwan district (Panta, Kim, and Lee 2009). 
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 In terms of forest income accounting and forest dependence, our results demonstrate higher forest 

dependence than what has been reported in the Tanahun district, where forest income represents 17% 

of the total income for the lowest income quartile (Oli, Treue, and Smith-Hall 2016). On the other hand, 

forest dependence in the Arun Khola watershed shows similar trends to those in Chilimo-Ethiopia, 

where forest income represents 59% of the total household income for the poorest quartile (Mamo, 

Sjaastad, and Vedeld 2007); but higher than in other developing countries such as Malawi, where forests 

contribute 17% of the total income of the poorest households (Kamanga, Vedeld, and Sjaastad 2009); 

19% Bolivia (Uberhuaga, Smith-Hall, and Helles 2012); and 27% Tigray-Ethiopia (Babulo et al. 2009). 

The high dependence of the poorest households on forest resource may be attributable to their high use 

of firewood as their main source of energy since they cannot afford substitute energy products and 

therefore collect more forest products from CFs (Sapkota and Odén 2008). 

Moreover, we found that private forests and irrigated croplands (khet) have a positive relationship with 

forest income and forest dependence, although they are not significant. On the other hand, the ownership 

of non-irrigated cropland (bari) is negatively associated with forest income, and so are private pastures 

(kharbari) in relation to forest dependence. This results agree with the literature, that asserts that poorest 

and landless households are more dependent on forest resources since better off households can make 

use of their own forest products and grow larger number of trees to satisfy their forest products needs 

(Reddy and Chakravarty 1999; Sapkota and Odén 2008); while it is imperative for the poor to obtain 

these products from CFs (Adhikari, Di Falco, and Lovett 2004; Pandit and Bevilacqua 2011).   

Conversely, we did not find strong influences of household head age and sex and education on forest 

income nor forest dependence. Regression results show that female-headed households, households 

with a lower level of education, and younger household heads tend to perceive higher forest incomes 

and be more forest-dependent, however, these assertions were not significant.  On the other hand, 

household size was found to have a significant positive relation with forest income and forest 

dependence; in line with Angelsen et al., (2014), who assert that household size could be important 

since many extractive activities demand of high-labour intensity, making them relatively more attractive 

to large households; or because  households with larger family size burn more fuelwood, however, they 

burn less per capita than households of smaller family size (Sapkota & Odén, 2008). 

Regarding forest income, it was found that moderately-wealthy households have the highest forest 

income share among income quartiles in the watershed despite their forest dependency being low. 

Likewise, within this income quartile are concentrated at the highest rates of animal/livestock ownership 

and commercial farming enterprises. Livestock is an important factor to account for when analysing 

forest income and dependency  (Nguyen et al. 2015), since in Nepal farming activities and specifically 

animal products are highly dependent on forests; and where agricultural expansion is linked to 

deforestation (Bhattarai, Conway, and Yousef 2009). 
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Regarding locational factors that may influence households’ dependence on forest resources and forest 

income, it was found that elevation was negatively associated with forest income and forest dependence, 

and that distance to the main cities was positively related to forest income and forest dependence 

however these relationships were non-significant; as found by KC. (2011) who asserts that forest areas 

are smaller when located near an administrative centre. The only locational feature tested that 

significantly influenced forest income and forest dependence was the distance to highway, as in Sapkota 

& Odén (2008), indicating the influence of roads in accelerating deforestation (Pfaff 1999). 

5.5 CONCLUSION 

This case study contributes to the understanding of the role of locational factors and socio-economic 

characteristics on forest income and forest dependence. This study summarises the households’ 

perceptions over natural resources in the Arun Khola watershed. According to the households’ 

perceptions, degradation processes in the Chure hills have been taking place due to high rate of 

deforestation and forest fires, which may be caused by overpopulation, natural fragility of the landscape 

and overgrazing principally. Even though conversations with local households indicate that soil erosion, 

floods and landslides have remained unchanged, decreases in the availability of groundwater were 

reported, indicating that disruptions in the hydrological cycle, particularly deficits in the recharge of 

groundwater reservoirs or unsustainable depletion of groundwater resources.  

On the other hand, forest income only accounted for 12.3% of the total income of the average 

households, however, the level of dependence on forest resources can be as high as 45.7% of total 

income for the poorest households (lowest 25% quartile). Remittances accounted for the highest share 

of household income and is the highest among rich households and the lowest among poorer. 

A linear regression model was used to identify the locational attributes and socio-economic 

characteristics that may influence forest income and forest dependence. Thus, it was found that 

locational attributes such as elevation, distances to the closest city centre, to the edge of CF and to trails 

were not significant in influencing forest income and forest dependence. However, distance to the 

highway was significant, showing that lack of all year roads and connectivity increases forest 

dependence.  

In relation to socio-economic characteristics, households’ with more members obtain higher shares of 

income from forests and are more forest dependent. Also, larger amounts of livestock and ownership of 

non-irrigated croplands increase both, forest income and forest dependence; while ownership of 

pastures increases also forest dependence. Even if it appears that the poorest households are the most 

dependent on forest resources, the moderately-wealthy households are exerting more pressure on forest 

resources and possibly causing environmental degradation.   
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The findings of this study carry important policy implications. For instance, watersheds or villages are 

not homogeneous; therefore, an analysis of the specific conditions of the areas where policies will be 

applied is important before developing the policies. Also, promoting off-farm work and the 

development of small or medium business, particularly among the poor and poorest households may 

reduce forest dependence and increase incomes. Subsidies and/or incentives should be given to 

substitute fodder for animal feed; also, farmers should be encouraged to use technologies and inputs to 

increase agricultural productivity. In the same way, biogas appears as an alternative to satisfy the 

households’ energy needs without the necessity of acquiring firewood from CFs.  

Finally, with a large number of households heavily depending on forest resources, restricting the access 

and use of forests may jeopardise the ability to satisfy their basic needs, therefore the sustainable use of 

forests should be carefully examined and addressed through policy formulation. In addition, the 

representation of the poorest on policy formulation and decision making processes should be 

encouraged to account for the needs of the most forest-dependent stakeholders. 

Future research may follow up with the conservation actions of the PCTMCDB. Also, it would be useful 

to evaluate the households’ socio-economic conditions through methodological frameworks i.e. 

political ecology that may account for all the actors of the human-environment systems. Therefore, 

these studies could allow a better understanding of these relationships that can result in enhancing 

conservation and improving livelihoods. In addition, future research may consider other forms of 

income such as environmental services and NTFP to obtain a better understanding of the human-

environment relationships. 
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CHAPTER 6 

CONCLUSIONS 

6.1 OVERVIEW 

The analysis of land use and land cover (LULC) changes provides the means for historic landscape 

characterisation. Moreover, it generates the information needed for understanding the influences of 

natural and anthropogenic factors and may assist in designing new policies and monitoring of existing 

government policies. Accordingly, a thorough examination of landscape dynamics allows assessing the 

effect of the application of policies that target conservation, enhancement of forests quality and quantity, 

and people’s livelihoods. Also, it provides relevant information for the generation of future policies, 

particularly under scenarios where ongoing degradation processes threaten the productivity of 

ecosystems and livelihoods of human populations. Such is the case of the Chure region of Nepal where 

deforestation and resulting degradation affecting not only the region but also the downstream (Terai 

region) have concentrated government efforts in preserving this region.  

Hence, the government targeted reductions in deforestation and forest degradation by involving local 

communities in the management of forests through the community forestry policy. Community Forests 

(CFs) have been mostly successful in halting deforestation and sustaining livelihoods. Likewise, the 

collaborative forest management policy (CFM) has been adopted in certain districts of the Terai region 

with the aim of achieving similar success as CFs. Despite government efforts, Chure degradation is 

continuing. Recently the Nepalese government has created the President Chure-Tarai Madhesh 

Conservation Development Board (PCTMCDB) to generate and coordinate conservation activities in 

the Chure region. 

In evaluating conservation efforts in the Chure region, there is a need for accurate information to analyse 

current policies and generate future ones. Hence, the use of remote sensing techniques offers an avenue 

for identifying LULC changes in a cost-effective and time-efficient way. On the other hand, 

econometric models allow understanding the processes involved in such changes; and moreover, the 

analysis of households, their perceptions about natural resources, forest income and forest dependency 

allow identification of the factors that may encourage forest depletion and degradation. Deforestation 

and degradation processes can be identified and quantified through these techniques and addressed 

through policy intervention. Hence, the application of these multidisciplinary approaches could 

generate crucial information to assess policies that have been applied in the Chure region.  

In this regard, this study aimed to describe the forest-human dynamics of the Chure region. For this, we 

identified the main changes in the landscape of the region; the main drivers of these changes; and the 
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level of households’ forest income and dependence under the Political Ecology framework. 

Accordingly, this chapter presents the findings of this investigation. Thus, research questions set out in 

Chapter 1 are revisited, and policy implications and recommendations are presented.  

Finally, to complete this thesis, the limitations of this research that may be addressed in forthcoming 

studies are presented; as well as the opportunities for further research are highlighted.   

6.2 RESEARCH QUESTIONS AND KEY FINDINGS 

6.2.1 Research question 1   

What is the best methodology to perform LULC analysis using Landsat satellite imageries of the Chure 

region? 

Although the quality of the Landsat imagery available for the Chure region of Nepal allowed land use 

and land cover (LULC) characterisation, several corrections had to be performed to achieve higher 

image quality. Chapter 2 presented a thorough pre-processing and classification protocol for Landsat 

Operational Land Imager (OLI) imageries; as well as an analysis of the contribution of the number of 

sensor spectral bands, textures, terrain and spectral indices to classification accuracy. 

Among the principal findings of Chapter 2 are: i) an effective pre-processing protocol for Landsat OLI 

imageries from the Chure region including, dark objects extraction 2 (DOS2) atmospheric correction; 

hill shade topographic correction; cloud removal and image chain standardisation (ICS). These methods 

are effective at normalising intra- and inter-scene variability; ii) the highest classification accuracy was 

achieved by applying principal component analysis (PCA) to seven spectral bands (1, 2, 3, 4, 5, 6, 7), 

and classifying the output in a support vector machine algorithm; iii) the classification of four spectral 

bands (2, 3, 4, 5) is feasible, however, using as much information as derived from the sensor is always 

recommended; and iv)  the inclusion of ancillary data (textures, topographic and spectral indices) did 

not increase classification accuracy.  

The methodology applied here allowed landscape characterisation of the Chure region of Nepal by 

making use of freely available satellite imagery and computational resources. This information was 

crucial for further analysis of LULC dynamics, human processes and policy impacts.  

6.2.2 Research question 2  

What are the main changes in LULC and annual forest change rates from 1988 to 2001 and 2001 to 

2014?  
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In Chapter 3 LULC analysis of the Chure region was performed for the years 1988, 2001 and 2014. In 

addition, annual rates of forest change were calculated as an indication of forest dynamics; and LULC 

was forecasted using the variables ‘slope’ as a constant landscape feature and ‘population density’ as 

an influential dynamic characteristic. Hence, the key findings of Chapter 3 include: first, the forest was 

the predominant LULC category in the Chure region throughout the years of study. However, decreases 

in forest cover were found from 1988 to 2001, representing 72.9% to 67.5% (-0.60% per year); also, 

increases in agriculture were found from 20.5% to 26.8%, and slight decreases in bare lands from 5.9% 

to 5%. Second, from 2001 to 2014 forested land increased at an annual rate of 0.06%, representing an 

increase of 0.5% in forested areas between the two time periods. Also, bare lands increased 0.5%, while 

agricultural lands decreased 1.2% denoting that conservation and reforestation programs including the 

application of CFs, alongside various local conservation policies, could have led to afforestation or 

forest regrowth in some districts. Third, LULC forecast indicated increases in forests from 68% to 

72.3%; decreases of bare lands from 5.5% to 4.2%; and decreases in agricultural lands from 25.6% to 

23%.   

These findings suggest reductions in agricultural lands despite the increasing trend in population 

density. However, land abandonment and out-migration from rural areas may result in reductions of 

pressure on forests in the near future. In the Chure region, where the main source of energy is firewood, 

it is imperative that the households maintain a certain degree of access to forest products to satisfy their 

needs. Otherwise, households may be forced to migrate and find external jobs to earn money to buy 

substitutive energy products (i.e., gas, petrol), resulting in land abandonment and decreases in 

agricultural production.   

6.2.3 Research question 3 

What are the main physiographic, socio-economic and policy determinants of LULC change in the 

Chure region since 1988? 

Chapter 4 presented an analysis of the physiographic, socio-economic and policy determinants of LULC 

change in the Chure region of Nepal. For this, the influence of spatial variables on transition 

probabilities between LULC categories in two transition periods (1988-2001; 2001-2014) was tested. 

Accordingly, the variables slope, soils, distances to roads and municipalities, population density, PAs 

and CFM were tested through a multinomial logit model (MNL). The key findings obtained through 

the analysis of the marginal effects of the explanatory variables included. First, the probabilities of 

forests being converted to agriculture are higher in flat areas with soils suitable for agriculture that are 

not susceptible to flooding; densely populated, close to roads and municipalities. These characteristics 

correspond to the inner Terai valleys, which provide the optimal conditions for human settlements and 

agricultural expansion. Second, the protected areas Bardiya and Chitwan National Parks are likely to 
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remain under forest cover and their bare lands are likely to reforest, denoting that the strict restrictions 

of access and use of the forest is effective at preserving forest resources. Third, the application of CFM 

does not show any significant influence on afforestation. Instead, it suggests high probabilities of 

conversion of forest lands into bare lands, which may denote over-extraction of the forest resources. 

These findings are accentuated in areas with high slopes and far from roads and municipalities.  

The results here obtained to offer a clear picture of the ongoing process in the Chure and inner Terai 

valleys of Nepal and may be used by policymakers to follow up the outcomes of localised policies such 

as CFM.  

6.2.4 Research question 4 

What are the factors influencing household’s forest income and forest dependency at a watershed level?  

Chapter 5 presented an analysis of the households’ perceptions on natural resources, income distribution 

and the determinants of forest income and dependency based on a household survey conducted in the 

Arun Khola watershed of Nawalparasi East district. Descriptive statistics were used to analyse the 

households’ socio-demographic attributes and ordinary least square (OLS) was applied to understand 

the determinants of forest income and dependency. The most important findings of this chapter include 

i) forest accounts for only 12.5% of the total household income of an average sampled household. 

However, it represents up to 45.7% for the poorest households (household with an average annual total 

income of 70,967 NPR).  

ii) remittances are the highest contributor to total household income, accounting for 45.9% to the total 

income of the average sampled households. However, it accounts with up to 56.7% to the total annual 

income of rich households (household with an average annual total income of 733,927 NPR) and only 

3.0% for the poorest households.  

iii) distance to the highway was the only locational feature that significantly influenced forest income 

and dependence. Hence, households that located farther away from the highway obtain more forest 

income and are more forest dependent.  

iv) households with larger number of members, with more livestock, without (or with little) non-

irrigated croplands, perceive higher forest incomes.  

v) households with larger number of members, with more livestock, without (or with little) non-irrigated 

croplands, without (or with little) area of pastures, and with lower annual total income are more forest 

dependent.  
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Also, Chapter 5 complemented this information with a summary of the households’ perceptions of 

resources. Analysis of household responses suggests that soil erosion, floods and landslides have 

remained unchanged but that the availability of groundwater has decreased. Finally, households believe 

that encroachment is not an issue in the area; and attribute degradation in the Chure hills to deforestation 

and forest fires. These degrading activities may be caused by overpopulation, overgrazing and natural 

fragility of the landscape according to the majority of households interviewed. These results give an 

insight into the situation of the Chure region, providing information that can be used in the 

implementation and formulation of targeted policies.  

6.2.5 Research question 5  

What policy recommendations can be derived for the sustainable management of the Chure region?  

The outputs generated in this research could be used for two main purposes. First, the historical LULC 

change analysis of the Chure provides valuable information to update existing LULC maps, detecting 

forest changes and planning forest resource and biodiversity management strategies. This could support 

the planning of future actions, particularly to identify areas and forest types under continual threat; and 

forests that should be restored and managed. 

Second, the study of the determinants of LULC and the analysis of the households’ forest income and 

dependency allowed to derive policy recommendations, particularly focused on forest conservation and 

livelihoods. 

For instance, the prohibition of access and use of forest resources placed in the protected areas -  Bardiya 

and Chitwan National Parks - are effective at preserving forests; since probabilities of LULC 

conversions show that regrowth and regeneration of forests may take place even in bare lands within 

the limits of the national parks. However, these conservation areas constitute isolated cases, since it is 

not realistic to deprive human populations using forest resources in the entire Chure region. Prohibition 

of access may restrict local users on satisfying their forest product needs, and therefore encourage illegal 

forest activities. In contrast, restrictions in the access and use of forests with simultaneous participation 

of the local populations, such as in CFs have appeared as effective measures to increase forest cover 

and support livelihoods. Evidence can be seen in reductions of deforestation and forest cover 

improvements from 1988 to 2001.  

Moreover, in the Terai region and inner Terai valleys, where CFs have not been  implemented, the CFM 

policy has been applied as a means to achieve ecological balance and economic benefits for the local 

populations. However, this study shows that in the districts where CFM has been implemented, there 

exists a high probability that the forests may turn to bare lands. Therefore, it is suggested that CFM 
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should be carefully regulated and controlled. Special attention should be paid to the monitoring of forest 

products harvesting and collection, particularly in remote areas and with high slopes.  

Furthermore, the analysis of the case study performed in the Arun Khola watershed provides important 

insights for policy analysis and formulation. First, as watersheds or villages differ from one another 

both in geographic settings and in socio-economic characteristics of their populations.  It is argued that 

a complete understanding of the factors such as target areas, the households’ perceptions of natural 

resources and their needs is important before formulating and applying forest policies.  

Second, we found that moderately-wealthy households perceive the highest forest income; and that the 

poorest households are most forest-dependent. These model results are highly influenced by distance to 

highway, the number of livestock, household size, the area of non-irrigated land owned and pastures, 

and total income. However, poorest households receive almost half of their income from forest 

resources, followed by wages and by own business income. Therefore, policies should target the 

promotion of off-farm work and the development of small or medium business, particularly among the 

poor and poorest households. These actions may reduce forest dependence and increase incomes. In 

addition, since the number of livestock highly influences forest income and dependence, we suggest the 

creation of subsidies and/or incentives to substitute fodder for animal feed obtained from CFs. Finally, 

we suggest the creation of energy policies that encourage the use of biogas as an alternative to firewood 

gathered from CFs. These measures may alleviate pressure on forest resources by decreasing forest 

product collection and deforestation activities and therefore increasing ecological benefits in the region.  

Moreover, the household’s perceptions about natural resources did not thoroughly reflect the 

degradation problems the Chure region is known for. Thus, forest encroachment, erosion, floods and 

landslides were not pointed out as important issues. For these reasons, we suggest that conservation 

efforts should be targeted to areas where there exist irrefutable degradation events; and local populations 

should be included in the decisions taken and measures applied.    

In addition, results of LULC simulation indicate that agricultural lands may be abandoned and taken 

over by forested land as population density increases. A key point to consider during the formulation 

and application of policies that target livelihoods is the development of strategies to support local 

agricultural production. Therefore, by encouraging agriculture mechanisation and the use of inputs, 

Nepal can work towards developing strategies of food security despite agricultural land abandonment. 

In addition, by increasing crop yields and by optimizing the use of the land for cropping, more crop 

residues could be used for animal fed and therefore decreasing dependence on forest resources.  
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6.3 THESIS CONTRIBUTION  

Nepal, and particularly the Chure region is subject to notorious environmental changes where local 

communities enjoy deep relationships with the forests. However, the complex heterogeneity of the 

society results in different behaviours that play complex roles in the surroundings. Under this context, 

government measures have different impacts on these systems, sometimes in favour and others against 

the stakeholders and local environments.  

Thus, this thesis is an attempt to track environmental changes, analyse the factors influencing the 

landscape including government policies, identify and analyse human-forest relations by coupling 

Political Ecology and technological advances such as remote sensing, GIS and machine learning 

algorithms. This is important under the Nepalese setting, where local populations are highly dependent 

on forests and where societies are highly influenced by out-migration, mountain productive land 

abandonment, feminisation of agriculture and ecosystems highly vulverable to natural disasters and 

climate change.  

Accordingly, this thesis has adequately achieved the identification and quantification of LULC changes 

and the subsequent creation of thematic maps, finding deforestation before the application of CF and 

afforestation afterwards. In this sense, governance has acted positively in forest regeneration and 

conservation through the implementation of CFs and PAs. On the other hand, the policy CFM has not 

achieved its conservation and welfare objectives and instead has had the opposite effect in some areas.  

Within the Nepalese context under the influence of changing politics and instable government policies, 

the conservation of the environment and the sustainable people’s development is uncertain. Therefore, 

the need of formulating accurate policies towards achieving sustainable management practices. 

Nonetheless, this can only be achieved by understanding the ongoing processes under which the policies 

would be applied; encouraging community’s participation in decision-making processes; monitoring 

the outcomes of the application of such policies and amending them when required.  

This thesis, therefore, contributes to those aspects. First, by monitoring the physical state of the land 

and by identifying the actors that exert pressure on forests in the Chure region. Second by analysing the 

application of policies within this region, and third, by identifying the human-forest relationships, 

showing that the marked socio-economic separation between people and the strong effect socio-

economic characteristics have over environmental management practices. Importantly, this thesis has 

achieved the integration of technological advances in the area of artificial intelligence and data analysis 

with the field of econometrics and the human dimensions of environmental changes. It is therefore 

encouraged the use of this thesis as an important piece of information that may contribute to the 
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formulation of social and environmental policies to achieve social and environmental balance within 

this changing environment. 

6.4 STUDY LIMITATIONS AND FUTURE RESEARCH DIRECTIONS  

The regional landscape characterisation of the Chure region represented several limitations, which may 

be addressed in future research. For instance, the limited availability of historical data for verification 

of LULC classes constrained the change detection analysis. Hence, historical aerial photographs and 

extended field verification of LULC classes were desirable. However, budget limitations also hampered 

our analysis. Despite these constraints, the results here presented constitute a valuable quantification of 

the distribution of forested areas, agriculture, bare lands and water bodies within the region.   

Additionally, we constrained ourselves to the use of Landsat imageries, as they represent the largest 

historical records available. However, the freely available imagery ‘Sentinel’ offers an interesting 

option for LULC analysis. Sentinel provides imageries at a higher spectral resolution with records 

captured since 2015. Moreover, making use of very high-resolution satellite imagery (i.e., QuickBird, 

IKONOS, etc.) or LIDAR would allow the identification of more LULC categories. While this study 

identified four (agriculture, bare lands, forest and water); further analysis of crops, grasslands, mature 

forests, young forests and shrubs; urban settlements, etc. could be done with further implications for 

conservation and livelihood policies. However, such scopes demand considerably higher budgets and 

logistics.   

Furthermore, LULC forecast was achieved by including a limited count of spatial variables (slope and 

population density).  The high volumes of data derived from this study demanded high computational 

resources. Therefore, it is highly encouraged and recommended to include more variables (e.g. rainfall, 

natural disasters, soils, policies, etc.) in future research to explore alternative LULC scenarios. In 

addition, is recommended to perform simulation models at smaller scales to increase accuracies i.e. per 

province.  

In order to accomplish this, the use of ‘supercomputers’ that can handle heavy loads of data is 

recommended. This would allow the inclusion of additional parameters such as rainfall, natural 

disasters, erosion rates and/or macro-economic information. This is an opportunity for future research 

to understand ongoing and future processes that involve natural and anthropogenic factors and therefore 

address the causes of the degradation to achieve ecological sustainability.  

Another opportunity for future research is the inclusion of tools and methodology that links pixel-based 

data with household perceptions about natural resources, including forest resources. For this, it would 

be required to incorporate information from remote sensors at a more accurate spatial resolution that 

may capture the household’s actions in the landscape.  
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Moreover, future research should follow up on the outcomes of the application of CFM, by means of 

remote sensing and/or field studies. Hence, identification of forest plots and different environmental 

characteristics would make it possible to quantify sustainable rates of harvesting and collection of forest 

products. This information could allow replication and improve the actions that have succeeded in 

achieving the objectives of CFM.  

Besides, the outcomes of the application of the PCTMCDB master plan have not been critically studied 

yet. The policy is relatively new and no effects in forest quality and quantity could be perceived when 

this study was performed (2014-2016). However, the findings of this research can be used as a basis for 

the formulation and application of forestry, conservation and livelihood activities in the region; and the 

methodologies used here can be replicated to analyse current policies/strategies and other ones that may 

arise in the future.   

It is important to mention that this research was constrained to the analysis of CF, CFM and PAs due 

to the lack of spatial information at a regional level for complete set of forest management regimes that 

include state-managed and national forests; buffer zone management; conversion to agricultural lands; 

leasehold forests; private forests; and religious forests. It is therefore encouraged that future research 

generates this information as an important tool to do policy analysis and their effect on household-forest 

relationships.  

As the Nepalese government, the environment and the society are constantly changing, it is important 

to analyse the actors that play roles that highly influence this complex system. For example, the evolving 

social systems that are magnifying the woman’s role in local societies and the increasing remittance 

based economies have to be included in the planning and assessment of governance measures . On the 

other hand, the development of new infrastructure, such as the alternative highway from Hetauda to 

Dharan that passes through the Chure that is going to increase urbanisation and add pressure on the 

Chure. For these reasons, new alternatives for environmental conservation and sustainable livelihoods 

have to be scrutinised to alleviate the pressure on natural systems. At a national or regional scale, this 

may be achieved by the creation of new well-founded policies and through the amendment of current 

ones that look after the environment and the sustainable development of local communities.   

 




