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Abstract 

One of the major environmental concerns in Nepal is spread of the invasive alien 

plants and its threat to biodiversity. The detection of invasive alien plant species 

(IAPS) at landscape level can aid in monitoring and managing their invasion in 

ecosystem. Remote sensing has been an important tool for large scale ecological 

studies of IAPS. In the present study knowledge-based classification using Landsat 

images was employed to determine the distribution of Lantana camara in Chitwan 

Annapurna Landscape (CHAL), Nepal. Maximum Likelihood Classification (MLC) 

technique was used for the extraction of land use/land cover types from remotely 

sensed data. Variables like elevation, aspect, slope, land use/land cover, temperature, 

rainfall and normalized difference vegetation index (NDVI) were used for the 

knowledge based classification approach. For the comparison of satellite data, World 

View-2 (WV2) of fine spatial resolution (2x2) m and Landsat of coarse spatial 

resolutions (30x30)m multispectral data of same area of interest were used. The 

results using Landsat image showed that weed covered 0.24, 0.9, 1.45 and 2.74 % 

area of CHAL in the year 1992, 2000, 2009 and 2018, respectively. The cover of the 

weed estimated using Landsat images was comparatively higher than the cover 

obtained from the World view-2 images. After evaluating all the available results the 

knowledge-based algorithm using Landsat produced very promising results, with 

>77% overall accuracy and a Kappa index of 0.54 in CHAL. The overall accuracy 

varied between 78 and 83% and Kappa indices of 0.56 and 0.66 for Landsat; the 

highest overall accuracy was achieved in Makwanpur district where as the lowest was 

achieved in Kaski district. The overall accuracy varied between 81 and 88% and 

Kappa indices of 0.62 and 0.76 for the WV2. The highest overall accuracy was 

achieved in Nawalparasi district where as the lowest was achieved in Kaski district. 

When compared, the accuracy was higher in the WV2 image than in the Landsat 

image. The largest area of distribution was found in Middle Mountain followed by 

Siwalik and High Mountains. The methods adopted in this study can be used for 

testing other types of satellite data or other classification algorithms. This 

investigation revealed the strength of mapping shrub weed using Landsat images 

which is freely available in the archives. 

Keywords: Supervised classification, Landsat imageries, World view 2, Digital 

number, Confusion matrix, Kappa index 
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 1. INTRODUCTION 

1.1 Background 

Invasive species are the alien species that sustain self-replacing populations over 

several life cycles; produce reproductive off spring, often in very large numbers at 

considerable distances from the parent and/or site of introduction; and have the 

potential to spread over long distances (Pyšek et al., 2004). Invasive alien plant 

species (IAPS) displace indigenous species and have detrimental environmental 

impacts (Bradley et al., 2011). Biological invasions occur at rapid rates within diverse 

habitats across the globe, from grasslands to dense forests, and spread over large areas 

(Mack et al., 2007). Despite several efforts to manage biological invasions, the 

number of alien species has been ever increasing across all taxonomic groups and 

geographic regions of the world (Seebens et al., 2017). Furthermore, the biological 

invasions are likely to be exacerbated by climate change (Bellard et al., 2013; 

Tittensor et al., 2014; IUCN, 2017) and by further international trade (Levine and 

D'antonio, 2003). Invasive species are major threats to biodiversity because of their 

negative effects on floral and faunal species, food web, ecosystems and their habitat 

(Vila et al., 2010). Invasive species are of great concern because of their capability of 

spreading fast, high competitiveness and ability to colonize new areas within short 

periods (Reichard and White, 2001).  

Systematic repeated observations and monitoring are essential for ecosystem 

management to enable managers to detect, document, and respond to changes. 

Monitoring of the invasion process involves repeated observations for recording the 

advance of the invasion over different seasons and across years, which is made 

possible by affording a general view of a whole (synoptic) and frequently repeated 

observations of large and small landscapes by remote sensing. Mapping invasion over 

long temporal periods has been possible due to the long history of the availability of 

remote sensing (RS) data across many regions in the world (Gavier-Pizarro et al., 

2012). 

Remote sensing is the science and art of obtaining information about an object, area, 

or phenomenon through the analysis of data acquired by a device that is not in contact 

with the object, area, or phenomenon under investigation (Lillesand et al., 2008). 
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Remote sensing techniques for vegetation mapping and monitoring is a function of 

scale, resolution, season of imagery, kind of vegetation, sensor and spectral 

sensitivity, processing of the remote sensing product, and speed and precision of 

transfer of information into a map product (van den Berg et al., 2014). Recent advances 

in RS technology now provides very high resolution (VHR-multispectral resolution 2 

m  2 m or lower (Nagendra et al., 2008) data for land cover mapping. The use of 

these data for remote detection of invasive plants has proved useful in several 

different ecosystems, and for a variety of species (Doody et al., 2014). The study 

undertaken by Noonan and Chafer (2007) in Australia has utilized remote sensing 

specifically to map willow distribution. Comparative studies of VHR data and 

medium resolution data for detection of invasive species have often proved that VHR 

data were extremely effective (Everitt et al., 2008), although medium resolution data 

could be used in areas where invasive species stands are contiguous and large to allow 

detection at stand level (Mullerova et al., 2013). Medium resolution data can be 

effective specifically in areas where monitoring of very large regions demands 

investment in several images which may prove expensive and process-intensive if 

VHR data were used. However, VHR data are increasingly proving to be of much use 

in the process of invasion mapping specifically because of the precision and detail 

that these data provide in separating signatures of different land cover types 

(Nagendra and Rocchini, 2008). Integration of satellite-derived information in 

Geographical Information Systems (GIS) can be useful in modeling and predicting the 

spread of invasive species (Kimothi and Dasari, 2010). 

The integration of remote sensing and GIS has been used historically in mapping 

plant and vegetation distributions. This practice has increased with focus shifting to 

mapping IAPS (Joshi et al., 2005). This current shift toward IAPS mapping using 

these geospatial technologies has been enhanced by advancement in sensor 

development, spatial statistics and modelling (Evangelista et al., 2009). Effective 

mapping of IAPS extent and determining the risk they pose for future invasions and 

impact requires an accurate study of species distributions (Joshi et al., 2005), and an 

insight into density and impacts of IAPS (van den Berg et al., 2014). 
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1.2 Rationale 

There are interests in distribution mapping of invasive species for several reasons: 

First, once an invader has been recognized as problematic, it is essential to locate its 

distribution and monitor its eventual further spread for managing IAPS. Secondly, 

ecological knowledge is required to assess their density and impact. Distribution maps 

have been used since long to acquire such knowledge. Thirdly, it has been argued that 

spatial information is needed to develop policies aimed at invasive species 

management (Wittenberg and Cock, 2001). Monitoring and assessing the environment 

have become more reliant on remote sensing as it has the capacity to assess large 

spatial extents and examine historic distribution of IAPS (Mutanga et al., 2009). In 

order to successfully remove IAPS, they need to be mapped (Rowlinson et al., 1999). 

While manual field surveys as a method of mapping are time consuming and labor 

intensive, the remote sensing is a more feasible alternative as it can reach inaccessible 

locations and assess large areas rapidly and comprehensively (Calviño-Cancela et al., 

2014). The CHAL is an ecologically unique (confluence of eastern and central 

Himalaya) and socio-culturally diverse region with high potential and needs for 

conservation. This region has a higher number of naturalized plant species than those 

found in eastern and western Nepal (Bhattarai et al., 2014). Any study on invasive 

plants covering the entire range of CHAL using satellite images is lacking. There is a 

need for tools that can simultaneously determine species expansion and monitor 

invaded area.  

Lantana camara is a widespread and problematic invasive plant with negative effects 

in over 60 countries globally (Day et al., 2003). L. camara is one of the 100 of the 

world’s worst invasive species (Lowe et al., 2000). This weed can easily colonize 

degraded/open forests, tree plantations, and shrub land forming impenetrable bush and 

replacing almost all other herbaceous and shrub species. Management of this weed 

has remained a challenge in Asia, Africa, and Australia (Bhagwat et al., 2012). 
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1.3 Research questions 

This research aimed to answer following questions: 

• How the area invaded by Lantana camara has changed in Chitwan-Annapurna 

Landscape over the period between 1992 and 2018? 

• Does a coarse satellite image provide the same level of accuracy as the fine 

satellite image does in detecting invasive weed at the landscape level?   

1.4 Objective 

The general objective of this research work was: 

 To assess the spatial and temporal distribution of Lantana camara in CHAL 

area. 

Specific objectives 

 To analyze the distribution pattern and direction of invasion in the study area 

since 1992. 

 To compare the accuracy of the classification in Landsat and WV2 images for 

same area of interest of CHAL. 

1.5 Limitation 

A major limitation of this study was the lack of high spatial and spectral resolution 

images for whole CHAL area which is time consuming to decipher the complexity of 

natural environment and further delineate the distribution of IAPS. Moderate spatial 

resolution sensors like Landsat are not able to detect IAPS within a heterogeneous 

vegetation type and are only effective when targeting homogenous stands over a large 

area (Huang and Asner, 2009). 

Due to the limitation of spatial resolution, Landsat products are usually used to map 

vegetation at community level. It is a challenging task to use Landsat images for 

mapping at species level, especially in a heterogeneous environment. However, when 

integrating with GPS information and other ancillary data (elevation, aspect, slope, 

tmax, tmin, ndvi, luses, reflectance value) it becomes possible to map species. 
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Most of the GPS points in the study area are collected along the roadside which seems 

a convenience method of data collection but it may not represent all the area.  
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2. LITERATURE REVIEW 

2.1 Invasive alien plant species monitoring 

An essential element of invasive plant management is observing changes in weed 

populations over time and monitoring. Biodiversity monitoring methods can be 

broadly split into field-based and remote sensing methods. Survey methods for 

monitoring invasive species along roadsides could be valuable for understanding the 

roles of human influences and disturbance regimes in the spread of invasive plants 

(Hartzler and Buhler, 2000).   

Citizen science is the involvement of volunteers in the scientific process. Although 

this term is new, people have been monitoring biodiversity in a voluntary capacity for 

centuries (Pocock et al., 2015). Anyone can get involved with citizen science and 

there are so many ways people can contribute to monitoring alien species, from 

simple mass participation initiatives to systematic repeat surveys mass participation. 

citizen science can rapidly provide invaluable data on spatial scales that would 

otherwise be unachievable  (Roy,  2015) 

An important principle in biodiversity observation and monitoring is to ensure that the 

methods used are transparent and repeatable. In other words the methods should be 

well documented, well archived and readily accessible to anyone that may want to 

repeat them or apply the same methods elsewhere. Decisions can be made to optimize 

the cost effectiveness and efficiency of surveys for invasive alien species, by selecting 

particular spatial arrangements, sampling density and using fixed versus temporally 

dynamic survey designs for particular areas.( Berec et al., 2015).  

Remote sensing is successful at detecting IAPS as long as the target IAPS exhibit 

distinctive characteristics when compared to surrounding indigenous species (Huang 

and Asner, 2009). The launch of a variety of new sensors coupled with Geographical 

Information Systems (GIS) and advanced modelling has resulted in many methods 

and tools in IAPS detection (Evangelista et al., 2009). However remote sensing 

techniques differ due to spatial and spectral variations of sensors (Calviño-Cancela et 

al., 2014). 
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2.2 Detection of IAPS using remote sensing 

Monitoring and assessing the environment has become more reliant on remote sensing 

as it has the capacity to assess large spatial extents and examine historic distribution 

of IAPS (Mutanga et al., 2009). In order to successfully remove IAPS, they need to be 

mapped (Rowlinson et al., 1999). Manual field surveys as a method of mapping are 

time consuming and labour intensive, remote sensing is a more feasible alternative as 

it can reach inaccessible locations and assess large areas rapidly and comprehensively 

(Calviño-Cancela et al., 2014). Mapping through remote sensing technology has 

become more feasible in the field of biological invasions, with the availability of 

high-resolution multi-spectral and multi-temporal data (Joshi et al., 2006). Satellite 

imagery of temporal series helps in monitoring of phenological changes occurring in 

the vegetation. Integration of remote sensing and Geographical Information Systems 

(GIS) can be useful in modelling and predicting the spread of invasive species. 

Various satellites provide multispectral imagery, however, the choice of satellite 

imagery is dependent on spectral resolution (number of bands), spatial resolution 

(pixel size), spatial coverage (area covered by image) and the cost of images (Cuneo 

et al., 2009). Spatial resolution is crucial as it determines the target feature’s level of 

accuracy in terms of classification and the scale of the study. Finer spatial resolution 

increases classification accuracy but can make it difficult to separate spectral classes 

due to intra-pixel variability (He et al., 2011). Hyperspectral imagery is more useful at 

mapping species with a low density and a scattered distribution, and therefore more 

effective in a heterogeneous community (He et al., 2011). 

Moderate spatial resolution satellites such as Landsat and Satellite Pour l'Observation 

de la Terre (SPOT) are only effective at detecting a species if they form large stands 

(Huang and Asner, 2009). Other satellite imageries such as Quickbird and World view 

2 are better suited at IAPS detection as these are considered high spatial resolution 

multispectral data (Bradley, 2014). World view 2 is a very high spatial resolution 

sensor which collects data in the visible and infrared spectrum (Doody et al., 2014). 

However, high spatial resolution imagery may be inadequate when the spectral 

resolution is low, therefore hyperspectral imagery would be required (Huang and 

Asner, 2009). 
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Plant detection of single species using remote sensing is a challenging task, where 

large scale infestations are generally easier to detect compared to small scale 

invasions (Evangelista et al., 2009). Therefore the use of remote sensing to detect 

IAPS using multispectral imagery would be feasible if the target IAPS form dense 

stands and have distinct spectral signatures (Cuneo et al., 2009). 

Light absorption by vegetation produces a unique spectral signature which is 

influenced by leaf biochemistry (He et al., 2011) and canopy structure (Cuneo et al., 

2009). Solar radiation interacts with leaf properties in different ways which is 

dependent on wavelength. Absorption is high in the visible spectra due to pigments 

(e.g., chlorophyll a and b) and in the mid infrared (MIR) due to water content, while 

reflectance is high in the near infrared (NIR) due to spongy mesophyll (Shouse et al., 

2013). These properties allow for the spectral differentiation between species and in 

some cases spectral signatures of IAPS may be unique to the signature of indigenous 

species (He et al., 2011). 

A number of invasive species have also been identified based on the uniqueness in 

leaf chemistry using multispectral (Becker et al., 2005) analyses. Underwood et al. 

(2003) were able to use airborne visible/infrared imaging spectrometer (AVIRIS) 

imagery with 4 m resolution to detect iceplant (Carpobrotus edulis) and jubata grass 

(Cortaderia jubata) in mediterranean-type ecosystems of California because such 

invasive species showed higher leaf water content than native co-occurring species. 

Carter et al. (2009) demonstrated the power of using Quickbird data (4 bands, spatial 

resolution 2.44 m at nadir) to detect Tamarix spp along the Colorado river (USA) 

attaining a classification accuracy of 91%. However, there were large errors of 

commission since the moderate spectral resolution used was not sufficient to 

discriminate tamarisk and non-tamarisk riparian vegetation. 

Shouse et al. (2013) examined the feasibility and tradeoffs of species level invasive 

exotic plant (IEP) mapping using multiple remote sensing techniques in a highly 

complex urban forest setting. Analysis using both medium spatial resolution (Landsat 

5 TM) and high spatial resolution (0.3 m color aerial photo) imagery provided viable 

results for IEP distribution mapping with overall mapping accuracy ranged from 

89.8% to 94.9% for high spatial resolution techniques and from 74.6% to 79.7% for 

medium spatial resolution techniques. 
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2.3 Other detection approaches and challenges 

Management of IAPS is best done in the early stages of invasion, however, detection 

may be difficult due to invaders being sparse and occupying the sub-canopy (Ghulam 

et al., 2014). Conventional remote sensing currently has been restricted to mapping 

canopy dominant species, as these determine the spectral signature. In the forest, sub-

canopy invaders are difficult to detect. The use of multiple sensors such as multi-

angle sensors can determine the forest vertical profile, and IAPS can be indirectly 

detected (Huang and Asner, 2009; Ghulam et al., 2014). One of the methods of 

detecting sub-canopy invaders at the time when there is a temporal variation in 

senescence between the invader and the canopy species. Another method employed 

for IAPS detection within indigenous vegetation is to take into consideration the 

vegetation dynamics of an area. This can be tracked via time series analysis using 

high temporal resolution imagery (Huang and Asner, 2009) which will infer on the 

presence of an IAPS. 

2.4 Invasive alien plants in Nepal 

Nepal lies at the cross-road of six floristic provinces of Asia (Sino-Japanese, 

Southeastern Asiatic, Indian, Sudano-Zambian, Irano-Turranean and Central Asiatic) 

and the floral elements of all provinces are represented in Nepal (Dobremez, 1976). 

Naturalized species mostly enter Nepal through India because of land connected open 

border, high trade with India. Moreover, the southern half of the country which 

includes Tarai and Siwalik with tropical to subtropical climate, is more vulnerable to 

biological invasions because 3/4
th

 of the naturalized plant species (including IAPS) of 

Nepal are native to tropical and subtropical regions of the World (Bhattarai et al., 

2014). Nepal’s agriculture sector has been ranked third among the most threatened 

countries out of the 124 countries assessed (Paini et al., 2016). Now there are at least 

179 alien species of flowering plants that are naturalized in Nepal (Shrestha et al., 

2019) and of them 26 are IAPS (Shrestha, 2019). Among them four IAPS, i.e., 

Chromolaena odorata, Eichhornia crassipes, Lantana camara and Mikania 

micrantha are considered as the worst invasive species of the world and listed in 100 

of the world's worst invasive alien species (Lowe et al., 2000). Of 26 IAPS, Ageratum 

houstonianum, Alternanthera philoxeroides, Erigeron karvinskianus, Oxalis latifolia, 

Parthenium hysterophorus, and Spergula arvensis were considered highly 
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troublesome by farmers with toxicity and low palatability. Similarly Ageratina 

adenophora, Lantana camara, Chromolaena odorata and Mikania micrantha are the 

most problematic in forests and shrublands; Parthenium hysterophorus in grasslands 

and residential areas and Eichhornia crassipes in wetlands (Shrestha, 2016). 

As invasive species already exist in the area, biodiversity and human life are 

threatened. The invasion of Mikania micrantha in the Chitwan National Park located 

in the lowland areas of Tarai and Siwalik regions causes the degradation of habitats 

for the endangered one-horn rhino (Murphy et al., 2013) while the Ramsar sites of 

this region become vulnerable due to rapid expansion of Eichhornia crassipes. 

Similarly, rapid expansion of Parthenium hysterophorus in residential areas has 

negative impacts on forage supply as well as on the health of humans and livestock 

(Shrestha et al., 2015). IAPS is not only a problem in the low land areas, but also 

becomes an issue of environmental challenge in the mountain regions of this 

landscape (Baral et al., 2017). The increase in temperature due to changing climate 

leads to encroachment of IAPs, which will ultimately affect the biodiversity of CHAL 

(WWF, 2013). 

Study performed by Maharjan et al. (2019) suggests that the suitable habitat of 

Parthenium hysterophorus in CHAL will expand by 10% in the future, causing 

potential threats to the native vegetation. Their findings further suggest that global 

warming resulting from climate change is likely to facilitate invasion of this weed into 

new areas. 

Among the four physiographic regions in CHAL, the Middle Mountain region 

currently has the highest proportion and the High Himalaya region currently has the 

lowest proportion of climatically suitable areas for Ageratina adenophora, and this is 

projected to continue under future projected climate scenarios using Maxent modeling 

(Poudel et al.,2020). 

Focus group discussions and prioritization methods conducted by Shrestha et al. 

(2019) in CHAL suggests that Ageratum houstonianum was the top-ranked worst 

invasive species in agroecosystems while Chromolaena odorata and Ageratina 

adenophora were the top-ranked worst species in natural ecosystems. 
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2.5 Research gap 

Invasive plants are non-native species that establish and spread in their new location, 

generating a negative impact on the local ecosystem and representing one of the most 

important causes of the extinction of local species (Morais et al., 2007). The initial 

step for the control of invasion should be focused on understanding and quantification 

of their location, extent and evolution, namely the monitoring of the phenomenon. In 

this sense, the techniques and methods of remote sensing can be very useful. The aim 

of this study was to identify the distribution pattern of  invasive plant L. camara using 

Landsat images and World view 2 images (high resolution). 

Invasion research, although it has been around for a few years, is comparatively a new 

field for the remote sensing methodology. Most of the literature reviewed are based 

on either vegetation level using coarse spatial resolution (Landsat) images or species 

level using fine spatial resolution (WV2). Mapping at species level are limited to fine 

resolution images; however, very few research were done on the species level using 

moderate spatial resolution. This study tries to solve the limitation of previous studies, 

using moderate spatial resolution image (Landsat) and high resolution image (World 

view 2) to map the species using knowledge based approach. 
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3. MATERIALS AND METHODS 

3.1 Study area 

The study was done in Chitwan-Annapurna Landscape (CHAL), which lies in central 

Nepal and covers 19 of the country's 77 districts (Figs. 1 and 2). The landscape 

represents four of the five physiographic regions of Nepal, i.e., Siwalik (200-1500 m), 

middle mountain (1000-2500 m), high mountain (2200-4000 m) and high himal 

(>4000 m) (DHM, 2017). Siwalik represents southern lowland and relatively plain 

area of the country with tropical to subtropical climate. Middle mountain is a hilly 

region with subtropical to temperate climate. High mountain and high himal 

represents the northern part of the country with rugged topography, deep gorges, 

glaciers and snow-capped mountain peaks. The present study area covers an area of 

32,090 km
2
. The CHAL has a higher number of naturalized plant species than those 

found in eastern and western Nepal due to its unique nature in ecological and socio-

culture aspects (Bhattarai et al., 2014). It encompasses a vast elevation gradient 

ranging from 200 m to 8091 m (Bista et al., 2017), with a climate ranging from 

tropical, subtropical, temperate, subalpine to alpine (high himal) including trans-

himalayan cold and dry climate similar to Tibet. Thus, CHAL has a wide range of the 

eco-physiographic zones of the Nepal Himalaya, including subtropical forests, 

temperate broadleaf forests, conifer forests, alpine ecosystems, and semi-desert in the 

rain shadow of the himalaya. The CHAL has diverse land use types. Forest covers the 

largest portion of CHAL, followed by agriculture, sand/bare land, snow/ice covered 

areas, grasslands, and alpine meadow and covers following area by different land 

uses: Forest - 35.6%, Agriculture - 21.1%, Alpine meadow/scrub - 8.1%, Grasslands - 

8.6%, Snow/ice - 9.5%, Sand/bare soil - 16.1 %, Water - 1% (WWF, 2013). The study 

area comprises seven protected areas including four national parks (Langtang, 

Chitwan, Shivapuri-Nagarjun and Parsa), Dhorpatan Hunting Reserve and two 

conservation areas (Annapurna and Manaslu). Twenty eight municipalities including 

3 sub-metropolitan cities and business centers (Hetauda, Bharatpur and Pokhara) fall 

within the CHAL. The average minimum and maximum reported temperatures range 

from 5C to 40C, while the average annual rainfall ranges from 165 mm at to 5,244 

mm (MFSC, 2015). 
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Figure 1: Map of Nepal showing location of Chitwan-Annapurna Landscape (CHAL) 

 

 

Figure 2: Map of CHAL showing field visited districts. 
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Figure 3: Land use and land cover map of CHAL in the year 2018. 

 

3.2 Lantana camara 

Lantana camara is a widespread and problematic invasive plant with negative effects 

in over 60 countries globally (Parsons and Cuthbertson, 2001). It originates from 

tropical America and was commonly introduced to other countries around the world, 

mainly by British colonialists, as an ornamental and/or living fence (Kannan et al., 

2013). It is now invasive in many parts of Africa, Asia and Oceania (Bhagwat et al., 

2012). The distribution and density of L. camara is still increasing in many parts of 

the world, even in areas where it has been present for many years (Day et al., 2003). 

Lantana is estimated to have invaded 5 million ha in Australia, 13 million ha in India 

and 2 million ha in South Africa and is continuing to spread in these countries 

(Bhagwat et al., 2012). L. camara has many traits that make it a good invader, 

including all-year flowering and fruit production in many areas, especially if adequate 

moisture and light are available; adaptation to long-range dispersal by birds and some 

mammals; high establishment rates; the ability to coppice; poisonous leaves; high 

phenotypic plasticity; the ability to hybridize; vegetative reproduction; and 

allelopathy (Sharma et al., 2005; Priyanka and Joshi, 2013). L. camara has been 
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documented to cause a wide range of negative impacts around the world (Day et al., 

2003; Sharma et al., 2005). It is a common weed of pastures where it reduces the 

grazing value of the land. It is known that widespread and dominant invasive species 

not only have the potential to replace native flora, but also have direct impacts at other 

trophic levels by changing the habitat of animals (Te Beest et al., 2012). L. camara 

has invaded large areas in Kenya where it threatens the habitat of the sable antelope 

(Nanjappa et al., 2005) and affects bird habitats by altering community composition 

in India (Aravind et al., 2010). In tropical regions, L. camara harbors pests that affect 

human health by providing shelter during the day for tsetse flies (Glossina sp.), which 

are vectors for African sleeping sickness (Mack and Smith, 2011). 

L. camara has a negative impact on plant diversity and abundance, by suppressing 

native vegetation through allelopathy and competition for resources (Bhagwat et al., 

2012; Jevon and Shackleton, 2015). Turner and Downey (2010) estimated that 275 

native plant species and 24 native animal species are threatened by the presence of 

this noxious weed in Australia. There is also a growing evidence that L. camara  has a 

negative effect on non-timber forest products in India, reducing the abundance of wild 

bamboos, palms and wild foods through competition (Kent and Dorward, 2015). 

L. camara alters ecosystem processes, such as soil nutrient cycling, and changes fire 

regimes in natural systems, increasing fire intensities and frequency and facilitating 

fire penetration into habitats that rarely, if ever, burn, such as woodlands and forests 

(Berry et al., 2011; Ruwanza and Shackleton, 2016). Lantana also has social-

ecological negative impacts including increased risk of fire, negative impacts on 

tourism, increased management stress for locals, and decreased aesthetic beauty of 

landscapes. 

 

3.3 Data acquisition 

3.3.1 Satellite imagery 

The distribution of L. camara in the Chitwan Annapurna Landscape Area (CHAL) 

was intended for study by using different multispectral satellite imageries (Landsat 

TM/ETM, and World view 2). Landsat (Landsat 5 and Landsat 8) imagery for 1992 to 

2018 in a ten year interval were downloaded from the archives, i.e., United States 

Geological Survey (USGS) Earth Explorer download client. Landsat 8 OLI/TIRS data 
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were used for mapping of L. camara for 2018 while Landsat 5 TM data were used for 

2009, 1999 and 1992 (Annex 3). Images with least cloudiness were downloaded for 

each year. Though the flowering season was throughout the year, images were 

selected for June because of least cloudiness; Landsat products have the longest 

history that have been applied in vegetation mapping (Xie et al., 2008). The spatial 

resolution of the image is 30 m  30 m for the multispectral bands. All imageries were 

received geometrically corrected. Though the time interval of image acquired is ten 

years but due to the availability and quality of the images the time interval was 

beyond the expected time interval, i.e., buffering 1-2 year in some of the intervals. A 

World view 2 satellite imageries of selected area as subset of CHAL having 

resolution 2 m  2 m purchased for 2008, 2017 and 2018 (neglecting the changes 

between the scene of 2017 and 2018, so the scene having common boundary were 

merged)  from the authentic sources were used (Annex 4). Topographic map from 

Department of Survey, Digital Elevation Model (DEM) file from Shuttle Radar 

Topography Mission (SRTM) DEM, meteorological data from Department of 

Hydrology and Meteorology and other documents were also used. 

3.3.2  Ground reference data 

In image analysis, ground reference data play important roles to determine 

information classes, interpret decisions, and assess accuracies of the results. 

Substantial reference data and a thorough knowledge of the geographic 

area was required at this stage. In this study, we adopted both methods (primary and 

secondary) for collecting ground truth data. Intensive fieldwork was conducted in 

between 2018-2019 as the primary data collection method. Global Positioning System 

(GPS) equipped with a data entry form and road map and a handheld digital camera 

were used for collecting the geographic data. The geographic locations in points and 

polygons and their corresponding biophysical attributes were collected in the field. 

During the field visit, patch size of the weed must be measured before the collection 

of geographical coordinate. A patch size of 2 m  2 m, 5 m  5 m and 10 m  10 

m were considered as low, medium, and large intensity of the weed. The locations of 

the collected data represent both the homogeneous and the heterogeneous landscape 

environments of the study area. A total of 630 geographical coordinates were 

collected for presence data and 630 for the absent data. Using all of these data, 
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detailed ground reference data of the study area was prepared to support the land 

use classes scheming, image classification, and subsequent accuracy assessments. 

 

Figure 4: Map showing the area of interest (AOI) for World view 2 

3.4 Digital elevation model (DEM) 

Digital Elevation Model (DEM) is the most common parameter in GIS application. A 

DEM can be generated using photogram metrical methods from air photos or satellite 

images, or can be generated through contour interpolation. The digital elevation 

model (DEM) used in this study was taken from the Shuttle Radar Topography 

Mission (SRTM) DEM of resolution 30 m. DEM's can be in raster format, in which 

each cell display the altitude of the central cell, or in vector format in the form of 

Triangulated Irregular Networks (TIN). DEMs have a wide range of applications. 

They can be used to generate slope direction maps, and slope gradient maps (Yang et 

al., 2005). In this study, aspects and slopes are generated from DEM using the field 

coordinate. 
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3.5 Software 

The segmentation and classification of the satellite images was done with ArcMap 

10.2. In this study the process like isoclustering, maximum likelihood classification, 

interpolation and Masking were done with this software. Another most frequently 

used software in this study was ERDAS IMAGINE 2014. The processes like image 

preprocessing and post classification validation was mainly done with this softaware. 

3.6 Digital image analysis 

Digital image analysis refers to the manipulation of digital images with the aid of a 

computer. In this study, methods for enhancing digital images, correcting errors, and 

generally improving image quality prior to further visual interpretation or digital 

analysis were used. Many of these techniques are broadly applicable to a wide range 

of types of remotely sensed data which are categorized into the following types of 

computer-assisted operations: 

Pre-processing of satellite images prior to vegetation extraction is essential to make 

them usable for further analysis. This involves the initial processing of raw image data 

to eliminate noise present in the data, to calibrate the data radiometrically, to correct 

for geometric distortions, and to expand or contract the extent of an image via 

mosaicking or subsetting (Lillesand and Kiefer, 1994). In pre-processing, images 

were first ortho-rectified. In this study the operation like ortho-rectification are 

performed by the data provider, before the imagery is provided to the analysts. Some 

of the operations used in preprocessing were noise removal, image enhancement, 

image subsetting and mosaicking. 

Image noise is any unwanted disturbance in image data that is due to limitations in the 

sensing, signal digitization, or data recording process. Multispectral sensors data 

containing systematic striping or banding were particularly prevalent in the collection 

of early Landsat data. Such stripes were removed through compiling a set of 

histograms for the image. Since study area covers large area so the Landsat images 

were obtained in five separate scenes for each year. The Landsat bands were layer 

stacking to combine multiple separate bands or layers in a single image and it was 

first mosaiced in ERDAS Imagine software before projecting it to UTM WGS 1984 

coordinate system. The study area was extracted by subsetting from the whole image. 
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After completing the pre-processing of the image, such false color composite (FCC) 

image was then enhanced using ERDAS imagine 2014 software. Then, such enhanced 

image was subjected to digital image processing for preparing various classified 

maps. 

3.7 Image classification 

Image classification is the process of sorting all the pixels in an image into a finite 

number of individual classes based on the spectral information and characteristics of 

these pixels. The classification results in a classified image that is essentially a 

thematic output of the original image. Target species are typically mapped from 

digital remotely sensed data through digital image classification and interpretation. 

The overall objective of the image classification procedure is to automatically 

categorize all pixels in an image into different land cover classes or themes (Lillesand 

et al., 2008). In this study, three approaches, i.e., unsupervised, supervised and expert 

knowledge based (Piyasinghe et al., 2018; Xu et al., 2014) were used for image 

classification and mapping of the Lantana camara. 

3.7.1 Unsupervised classification approach 

The unsupervised classification approach is an automated classification method that 

creates a thematic raster layer from a remotely sensed image by letting the software 

identify statistical patterns in the data without using any ground truth data (Lillesand 

et al., 2008). In this method, the number of assigned classes (clusters) is 100, of which 

only 62 spectral clusters are formed to separate the image information into a more 

readable form by the software itself. After the classification was completed, posterior 

knowledge was employed to label the spectral classes into information classes. The 

isoclustering technique was used to cluster the image pixels into groups. Many 

clusters than actual classes were chosen because the exact number of spectral classes 

in the dataset was unknown. These clusters were carefully judged using expert 

knowledge and ground reference data. Spectrally similar classes of identical land 

cover types were merged. These merged classes were evaluated to whether they 

belonged to the targeted land use information classes. Finally, a reclassify process was 

carried out on the landuse map considering 2 for the possible presence area and 1 for 

the possible absence area. 
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3.7.2 Supervised classification approach 

Supervised classification uses the spectral signatures obtained from training samples 

to classify an image. Using the "Image Classification" toolbar, representative training 

data for each predefined number of classes was created. For the selection of training 

data, usually homogeneous sample pixels should be identified. For each land use and 

land cover type ten to twenty areas of interest were prepared as the signatures of 

training samples. These included river, dense forest, lakes, shadow, cloud, agriculture, 

open scattered vegetation, roadside vegetation, residential etc. Also the different 

training data of same class were finally merged and a signature file was created from 

the training samples, which was used by the multivariate classification tools to 

classify the image. The ground reference data were used to prepare the training 

signatures. After obtaining satisfactory discrimination between the classes during 

spectral signature evaluation, supervised classification with the Maximum Likelihood 

Classifier (MLC) was run. Of the different classes in the classified image, two classes 

were selected to be used further for mapping presence of Lantana within those 

classes. These include open scattered vegetation and roadside vegetation. A mask (1 = 

absence, 2 = presence) was generated using reclassify toolbar of Arc GIS. 

3.8 Calculation of normalized difference vegetation index (NDVI) 

The NDVI is a commonly used index that combines the visible and NIR bands to 

enhance the signal of photosynthetic vegetation (Huang and Asner, 2009). The notion 

behind NDVI is that plants’ chlorophyll absorbs sunlight, which is captured by the red 

light region of the electromagnetic spectrum, whereas a plant’s spongy mesophyll leaf 

structure creates considerable reflectance in the near-infrared region of the spectrum 

(Tucker, 1979). For this reason, greener and dense vegetation has low red-light 

reflectance and high near-infrared reflectance, and thus high NDVI values. On the 

other hand, near zero and negative values of the index indicate non-vegetated surface 

features such as rock, soil, water, ice and clouds (Hishe et al., 2017). It is given by the 

equation (NIR-RED/NIR+RED), where RED and NIR correspond to channels 1 and 

2, respectively. After the acquisition of required satellite imageries from the archives, 

NDVI was calculated using ERDAS imagine software. The calculated NDVI was 

further reclassify using ArcGIS in the range of 0.2-0.5 as suitable range for shrubs and 

grassland (NCAR, 2018). 
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3.9 Calculation of top of atmospheric (ToA) reflectance 

The reflectance value of Operational Land Imager (OLI), Enhanced Thematic Mapper 

(ETM) and Thematic Mapper (TM) data was calculated for vegetation analysis. For 

ETM/OLI sensor data of 2018, band 5 and band 4 were used as Near Infra Red (NIR) 

and Red (R) and for TM sensor data band 4 and band 3 was used as NIR and Red in 

2009, 2000 and 1992. 

For TM sensor data 

a. Conversion of digital number (DN) value to radiance (Landsat 7 data users 

handbook – USGS) 

The raw images of NIR band and Red band was converted to radiances. The formula 

used in this process is as follows: 

Lλ = 
QCALMIN - QCALMAX

LMIN - LMAX 
  (QCAL – QCALMIN) + LMINλ 

Where, 

Lλ is the cell value as radiance 

QCAL = digital number (DN) 

LMINλ = spectral radiance scales to QCALMIN 

LMAXλ = spectral radiance scales to QCALMAX 

QCALMIN = the minimum quantized calibrated pixel value (typically = 1) 

QCALMAX = the maximum quantized calibrated pixel value (typically = 255) 

b. Conversion of radiance to ToA reflectance 

After converting DN to radiance the output file was thus converted into reflectance by 

using following equation: 

 = 
s

L









cosESUN

d 2




 

Where, 

ρλ = unitless planetary reflectance 

Lλ = spectral radiance (from earlier step) 
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d = Earth-sun distance in astronomical units 

ESUNλ = mean solar exoatmospheric irradiances 

θs = solar zenith anle 

For ETM/OLI sensor data 

Reflective band DN’s can be converted to TOA reflectance using the rescaling 

coefficients in the MTL file. The conversion was performed using parameters 

provided with the metadata file of the Landsat 8 satellite images and the following 

formula set: 

ρλ′ = MρQcal + Aρ 

Where, 

ρλ′ = ToA planetary spectral reflectance without correction for the solar angle 

(unitless) 

Mρ = Reflectance multiplicative scaling factor for the band 

Aρ = Reflectance additive scaling factor for the band 

Qcal = Quantized and calibrated product pixel value (DN) 

This process does not include correction for the solar elevation angle. The following 

additional formula is used to obtain the true ToA reflectance: 

ρλ = ρλ′/sin (ƟSE) 

Where, 

ρλ = ToA Planetary Reflectance with a correction for solar angle (unitless) 

ƟSE = Solar Elevation Angle 

3.10 Knowledge-based image analysis 

Knowledge based image analysis is a rules-based approach to multi-spectral image 

classification, post-classification refinement, and GIS modeling. In essence, expert 

classification system is a hierarchy of rules, or a decision tree, that describes the 

conditions under which a set of low level constituent information gets abstracted into 

a set of high level informational classes. In this approach, a knowledge is developed 

to improve IAPS detection, which includes a set of decision rules of identifying 

Lantana distribution in relation to its elevation, land use, climatic and spectral 
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characteristics. Using ERDAS imagine software's knowledge engineer and knowledge 

classifier tool, the decision rules are applied in order to identify the distribution of 

weed. The first component (knowledge engineer) provides a graphical user interface 

to build the knowledge base. A tree diagram represent the class definitions known as 

hypothesis, rules (conditional statements of variables), and variables (raster, vector, or 

scalar). The knowledge classifier executes the knowledge rules created in the 

knowledge engineer module and classify the image. The threshold values of the 

variable were determined on the basis of the ground reference data. 

After running the model of knowledge based, the outcome of the model displayed as a 

binary data, which classifies the image into two classes, one is undefined and other is 

new hypothesis. The class undefined usually highlights the lacking or the absent of 

the data. The class new hypothesis represents presence data. 

 

Figure 5: Rules built in the expert classifier in ERDAS imagine 

Table1: Rules for knowledge engineer of class Lantana camara 

Rules Calculation  Suitable criteria  Source  

Elevation  Reclassifying DEM file  70- <2000 m Priyanka et al., 2013 

Aspect  Reclassifying DEM file  All aspect Field observation 

Slope  Reclassifying DEM file  All slope  Field observation  

Tmax  Average analysis 35°C  Station based of DHM 

Tmin  Average analysis  15°C Station based of DHM 

Precipitation  Average analysis 800-5000 mm  Station based of DHM 

NDVI  (NIR - Red) / (NIR + Red) 0.2-0.5  NCAR, 2018 

LUSES  Supervised classification (MLC) Diverse habitat  Field observation  

DN value  Band 5 isoclustering  0-255 (8 bit) Isoclustering 
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3.11 Post classification validation 

In this step accuracy assessment was performed through field validation. Accuracy 

assessment was carried out by using the principles proposed by Congalton and Green 

(2009). Accuracy assessment is about the verification of the classified data and is an 

important part of the workflow of this study. With an accuracy assessment, the quality 

of the classification is determined. In a classification process several errors can occur 

that can lead to insufficient results. Errors can occur from incorrect image registration, 

wrong interpretation of a class due to coarse resolution or insufficient training 

samples (Lu et al., 2007). 

3.11.1 Error matrix 

There are several options to perform an accuracy assessment. An error matrix 

compares information from reference sites to information on the classified map for a 

number of sample areas. An error matrix is a square array of numbers set out in rows 

and columns that expresses the number of sample units assigned to a particular 

category in one classification relative to the number of sample units assigned to a 

particular category in another classification. In most cases, one of the classifications is 

considered to be correct (i.e., the reference data) and may be generated from ground 

observation, or ground measurement. The columns usually represent this reference 

data, while the rows indicate the classification generated from the remotely sensed 

data (i.e., the map). It should be noted that the reference data has often been referred 

to as the ―ground truth‖ data. Reference data was collected from field visits to 

compare the classified data. An error matrix is a very effective way to represent map 

accuracy in that the individual accuracies of each category are plainly described along 

with both the errors of inclusion (commission errors) and errors of exclusion 

(omission errors) present in the classification. A commission error is simply defined 

as including an area in a category when it does not belong to that category. An 

omission error is excluding an area from the category to which it belongs. Each and 

every error is an omission from the correct category and a commission to a wrong 

category. In this study, there are two category or classes for the classification. They 

are 'Present' and 'Absent'. The ground truth data or the reference data for these 

category were collected from different area of interest (AOI) of the study area. The 

reference data were collected using an ―ad-hoc‖ sampling design that is neither 

systematic nor random, instead emphasizing the opportunistic acquisition of ground 
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truth at sites that are readily accessible on the ground, readily interpretable in higher-

resolution imagery. 

Sample size must also weigh heavily in the development and interpretation of 

classification accuracy figures. As a broad guideline, it has been suggested that a 

minimum of 50 samples of each land cover class be included in the error matrix 

(Congalton and Green, 2009). 

There are about 630 ground truth data for each category, collected from different AOI 

(Figs. 2 and 3) in between the year 2018 and 2019. The Kappa statistic (k) was 

calculated using the following equation: 

3.11.2 Evaluating error matrices 

The Kappa Coefficient is generated from a statistical test to evaluate the accuracy of a 

classification (Bishop et al., 1975). Kappa essentially evaluates how well the 

classification performed as compared to just randomly assigning values, i.e., did the 

classification do better than random. The Kappa Coefficient can range from -1 to 1 

(Table 3). A value of 0 indicated that the classification is no better than a random 

classification. A negative number indicates the classification is significantly worse 

than random. A value close to 1 indicates that the classification is significantly better 

than random. 

The k ^ (―kappa‖ or ―KHAT‖) statistic is calculated by using following formula:. 

KHAT =        

(n*SUM Xii)- SUM(Xi+ * X+i)

 

                       n
2
 –SUM (Xi+ * X+i) 

Where 

SUM = sum across all rows in matrix 

Xii = diagonal 

Xi+ = marginal row total (row i) 

X+i = marginal column total (column i) 

n = number of observation 
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Table 2: Value range of kappa coefficient and its interpretation 

Values Interpretation 

Smaller than 0.00 Poor agreement 

0.00 to 0.20 Slight agreement 

0.21 to 0.41 Fair agreement 

0.41 to 0.60 Moderate agreement 

0.61 to 0.80 Substantial agreement 

0.81 to 1.00 Almost perfect agreement 

3.12 Statistical analysis 

The comparison of mean difference of normally distributed homogenous data was 

carried out by independent two sampled t-test having equal variances. The analysis 

was performed to compare the mean difference of area cover and accuracy between 

Landsat and Worldview 2 imageries (p > 0.05; data were considered as normal). All 

data were analyzed by using Microsoft Office Excel 2007, Statistical Package for 

Social Science (SPSS) Version 25.00. 

 

(a) 

 

(b) 

Figure 6: Map showing the ground truth data of the category: (a) Presence and (b) 

Absence 
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4. RESULTS 

4.1 Lantana camara cover in CHAL determined using Landsat images 

The area invaded by the Lantana camara in CHAL showed the ascending order with 

the time series. The area covered by L. camara in CHAL was found to be lowest in 

the year 1992, i.e., 77.41 km
2
 (0.24%) while the highest area covered was found in the 

year 2018, i.e., 877.26 km
2
 (2.74%) (Table 3, Figure 7). In the year 1992, the area of 

invasion of L. camara was about 77.41 km
2
 which was localized only in the eastern 

part of the Siwalik and Mid hills of the study area with the maximum elevation of 

1425 m (Figs. 9 and 10). With the time elapsed the invasion was extended in the 

central and western part of the study area along with the altitudinal extension in the 

northern part with its maximum elevation 1618 m in the year 2018 (Fig. 11). The 

invasion was maximum in the year 2018 with the area cover of 877.26 km
2
. The 

invasion of L. camara was mainly along roadside and on abandon land (Annex 10). 

The observation shows that most of distribution was concentrated in the 

anthropogenic landscape. During the 26-year period analysis, the cover of L. camara 

in the year 2018 was 11 times higher than in 1992. 

Table 3: Area covered by L.  camara in CHAL according to the image produced by 

knowledge based classification 

SN Year (AD) Invaded area (km
2
) Cover percentage in CHAL 

1 1992 77.41 0.24 

2 2000 283.51 0.9 

3 2009 455.21 1.45 

4 2018 877.26 2.74 
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(a)                                                               (b) 

                                                          

 

 

               

                                 (c)                                                                (d) 

Figure 7: Spatial distribution of L. camara in the year: (a)1992, (b) 2000,  (c) 2009, 

(d) 2018 
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4.2 Lantana camara cover in different physiographic zone of CHAL 

The study area represent four of the five physiographic zone of Nepal, i.e., Siwalik 

(300-700 m), Middle Mountain (700-2000 m), High Mountain (2000-2500 m) and 

high himal (>2500 m). The highest percentage of invasion was found in the Middle 

mountain in the year 2000, 2009 and 2018 followed by Siwalik region except in 1992 

the case is reversed in 1992 where Siwalik has the highest percentage of invasion 

followed by Middle mountain (Table 4). Spatial and temporal information from the 

map indicates that the distribution of Lantana was gradually spreading upward of the 

study area (Fig. 8, Annex 6). 

Table 4. Area covered by L. camara in physiographic zone of CHAL  

SN Physiographic region Cover (km
2
) 

1992 2000 2009 2018 

1 Siwalik 

(300-700 m) 

49.89 

(64.4%) 

89.48 

(31.5%) 

113.74 

(24.9%) 

109.97 

(12.5%) 

2 Middle mountain 

(700-2000 m) 

27.42 

(35.4%) 

192.77 

(67.9%) 

338.44 

(74.3%) 

752.14 

(85.7) 

3 High mountain 

(2000-2500 m) 

0.09 

(0.1%) 

1.24 

(0.4%) 

3.01 

(0.6%) 

15.13 

(3.3%) 

4 High himalalaya 

(>2500 m) 

0.0 0.0 0.0 0.0 
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(a)                                                             (b) 

 

 

 
        (c)                                                               (d)                                                       

 

Figure 8: Distribution of L. camara in different physiographic zone of CHAL in the 

year (a) 1992,  (b) 2000, (c) 2009, (d) 2018. 
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Figure 9: Time series plot for maximum elevation covered by L. camara from 1992-

2018 

4.3 Comparison of Lantana camara cover in the selected area of interest 

estimated using Landsat and World view 2 

The cover analysis of L. camara estimated from Landsat and WV2 images showed the 

differences. The difference in cover between Landsat and WV2 ranged from 0.18 km
2
 

(0.6%) in Beni Bazar, Myagdi to 1.03 (2.4%) in Rampur, Chitwan (Table 5, Fig. 10-

12). The test of significance (P = 0.24) showed the insignificant difference in the 

mean cover between the Landsat and World view 2 imageries. The cover of L. 

camara in two different years (2008 and 2018) comparing distribution in Landsat and 

WV2 images (Table 6, Fig. 13-19). In both the images the cover was found to be high 

in 2018 as compared to 2008. The highest area cover was found to be 5.18 and 4.66 

km
2
 in the Landsat and WV2 images of Dharke, Dhading in the year 2018 while the 

lowest was found to be 1.16 and 1.02 km
2
 in the Landsat and WV2 images of 

Hetauda, Makwanpur in the year 2018. During the 10 year (2008-2018) period 

analysis, the area cover increment ranged from 37-63% in Landsat whereas 34-54% in 

WV2 Images. The test of significance (P = 0.27 and P = 0.24) showed no difference 

in the mean cover between the Landsat and WV2 imageries in the year 2008 and 2018 

(Annex 9). The highest percentage increment in Landsat image was observed in 

Muglin of Chitwan district whereas lowest was observed in Lekhnath-Kudule of 

Kaski district. Similarly in WV2 images the highest percentage increment was 

1425

1562

1591

1618

1300

1350

1400

1450

1500

1550

1600

1650

1990 2000 2010 2018

M
ax

. e
le

va
ti

o
n

 (
m

)

Year (AD)



32 

 

observed in Dharke of Dhading district whereas lowest was observed in Lekhnath of 

Kaski district. 

The column Landsat error (Table 5, 6) shows percentage error that in the Landsat 

images in comparison to WV2 images during classification of images. The results 

showed the Landsat error that ranged from 52.1 % in Rampur, Chitwan to 75% in 

Dulegauda, Tanahau (Table 5) where as error ranged from 11.1% in Dharke, Dhading 

to 51.6 % in Lekhnath, Kaski (Table 6). This information gives idea that Landsat 

images showed 11.1 to 51.6 times higher in percentage cover as compared to the 

WV2 images.  

Table 5: Cover of L. camara in 2018 in the selected area of interest (AOI) estimated 

from Landsat and World view 2 

 

 

 

 

 

 

 

 

 

 

Districts Area of 

interest 

(AOI) 

Total 

area of 

AOI 

(km
2
) 

Cover 

(Landsat) 

Cover 

(WorldView2) 

Difference 

(%) 

(Landsat-

WV2) 

Landsat 

error (%) 

Cover 

km
2
 

Cover 

(%) 

Cover 

km
2
 

Cover 

(%) 

Chitwan Rampur 42.764 2.99 7.0 1.96 4.6 2.4 52.1 

Tanahau Dulegauda-

Bhimad 

32.166 1.12 3.5 0.48 2.0 1.5 75.0 

Myagdi Benibazar 29.873 0.44 1.5 0.26 0.9 0.6 66.6 

P-value    0.24    
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Table 6: Cover of L. camara in 2008 and 2018 in the selected area of interest (AOI) 

estimated from Landsat and World view 2 

Districts Area of 

interest 

(AOI) 

Total 

area of 

AOI 

(km
2
) 

Cover (%) 

Landsat 

Cover (%) 

WV2 

Difference 

(%) 

Landsat-

WV2 

Landsat error 

(%) 

   2008 2018 2008 2018 2008 2018 2008 2018 

Dhading Dharke 60.95 5.25 8.50 4.95 7.65 0.30 0.85 6.06 11.11 

Nawalparasi Devchuli 44.22 3.50 5.65 2.85 4.34 0.65 1.31 22.80 30.18 

Makwanpur Manahari 106.80 2.30 5.70 1.76 3.90 0.54 1.80 30.68 46.15 

Makwanpur Hetauda 54.30 3.92 5.95 3.51 5.23 0.41 0.72 11.68 13.76 

Chitwan Muglin 39.85 3.36 5.45 2.50 3.85 0.86 1.60 34.40 41.55 

Tanahau Ghasikuwa 75.34 3.26 5.29 2.90 4.35 0.36 0.94 12.41 21.60 

Kaski Lekhnath-

Kudule 

96.67 2.85 3.90 1.93 2.58 0.92 1.32 47.66 51.16 
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(a) 

 
(b) 

Figure 10: Comparison in distribution of L. camara in  (a) World view-2 and (b) 

Landsat images of Chitwan in 2018 
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(a) 

 
(b) 

Figure 11: Comparison in distribution of L. camara in (a) World view-2 and (b) 

Landsat images of Tanahau in 2018 
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(a) 

 
(b) 

Figure 12: Comparison in distribution of L. camara in (a) World view 2 and (b) 

Landsat images of Myagdi district in 2018 
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(a) 

 
(b) 

Figure 13: Comparison in distribution of L. camara in (a) World view 2 and (b) 

Landsat images of Dharke, Dhading in 2018 
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(a) 

 
                                                                              (b) 

Figure 14: Comparison in distribution of L. camara in (a) World view 2 and (b) 

Landsat images of Devchuli, Nawalparasi district in 2018  
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(a) 

 

 

 
                                                                                   (b) 

Figure 15: Comparison in distribution of L. camara in (a) World view 2 and (b) 

Landsat images of Manahari, Makwanpur districts in 2018  
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(a) 

 

 
 

                                                                                     (b) 

Figure 16: Comparison in distribution of L. camara in (a) World view-2) and (b) 

Landsat images of Hetauda, Makwanpur district in 2018 
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(a) 

 

 

 
                                                                                      (b) 

Figure 17: Comparison in distribution of L. camara in (a) World view-2 and (b) 

Landsat images of Muglin, Chitwan district in 2018  
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(a) 

 

 
                                                                                   (b) 

Figure 18: Comparison in distribution of L. camara in (a) World view-2 and  (b) 

Landsat images of Ghasikuwa, Tanahau district in 2018 
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(a) 

 

 

 
                                                                                 (b) 

Figure 19: Comparison in distribution of L. camara in (a) World view-2 and (b)  

Landsat images of Kaski-Syangja district in 2018  
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4.4 Accuracy assessment 

The classification result of the Landsat images was achieved satisfying accuracy 

results (Table 7). The overall accuracy is the total corrected prediction for both 

presence and absence coordinates where as kappa coefficient gives the insight of how 

well the classification performed as compared to just randomly assigning values. The 

overall accuracy in Landsat varied between 78 and 83% and kappa indices of 0.56 and 

0.66. The highest overall accuracy was achieved in Makwanpur district where as 

lowest was achieved in Kaski district. The overall accuracy for the WV2 varied 

between 81 and 88% and kappa indices of 0.62 and 0.76. The significance test of 

accuracy between Landsat and WV2 (p = 0.000075) showed that the difference 

between the mean of accuracy of Landsat and WV2 was significantly different. On 

basis of Kappa value the image classification was moderate and substantial for most 

of Landsat images (value ranging from 0.4-0.8), for WV2 images, the classification 

was substantial (0.6-0.8). The highest overall accuracy was achieved in Nawalparasi 

district. For the year 2018, the knowledge based algorithm using Landsat images 

produced 77.25% overall accuracy and a Kappa index of 0.54 in CHAL. 

Table 7: Classification accuracies for Landsat and World view 2 in area of interest 

(AOI) of 2018 

Districts Area of interest 

(AOI) 

Overall accuracy (%) Difference 

(%) 

P- value Kappa statistics (K) 

Landsat WV2 Landsat WV2 

Chitwan Rampur 79.8 83.1 3.2  0.58 0.64 

Tanahau Dulegauda 81.0 85.0 4.0  0.62 0.70 

Tanahau Ghasikuwa 82.0 85.0 3.0  0.64 0.70 

Dhading Dharke 82.0 86.0 4.0 0.000075 0.62 0.72 

Makwanpur Hetauda 83.0 87.0 4.0  0.66 0.70 

Makwanpur Manahari 82.0 86.0 4.0  0.64 0.72 

Chitwan Muglin 79.0 83.0 4.0  0.58 0.66 

Nawalparasi Devchuli 81.0 88.0 7.0  0.62 0.76 

Kaski-

Syangja 

Leknath-Kudule 78.0 81.0 3.0  0.56 0.62 
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5. DISCUSSION 

5.1 Plant invasion and changes in land use/cover 

Invasion is a common phenomenon in almost all ecosystems across the globe. The 

distribution map allows us to analyze the changes that occurred in the selected IAPS 

between 1992 and 2018, which is very useful for assessing the threat posed by 

invasive species. The results showed that the area covered by the L. camara was 

highest (2.74%) in the year 2018, followed by the year 2009 (1.45%), 2000 (0.9%) 

and 1992 (0.24%) based on Landsat images. Spatial and temporal information from 

the map indicates that L. camara gradually extends its occupancy towards the north 

and west sides of the study area (Fig. 10; Annex 6). According to Day et al. (2003), 

the distribution and density of Lantana is still increasing in many parts of the world, 

even in areas where it has been present for many years. 

The area invaded by L. camara increased with the time period. The distribution area 

was the least in 1992 within the Siwalik and a few location of Middle Mountain. As 

the time passed, the invasion of L. camara goes on increasing covering new areas and 

elevation as observed in results. This was confirmed by post classification validation. 

Under this, the presence location from classified map were visited physically, 

interaction with the local people and reviewing literature. 

The invasion is mainly influenced by three factors: the number of propagules entering 

the new environment (propagule pressure), the characteristics of the new species, and 

the susceptibility of the environment to invasion by new species (Lonsdale, 1999). 

After introduction, the dispersal and establishment of L. camara depends on 

availability of resources and anthropogenic activities via landscape transformation. 

Infrastructure development, increasing abandoned land in Middle Mountain have 

aided for more expansion of invasions. An analysis made by WWF (2013) about 

changes in major land use/land cover in the Chitwan Annapurna Landscape for the 

period 1990-2010 showed that some forest areas of the Siwalik has been degraded for 

infrastructure development, resettlement, urban expansion, and agriculture expansion. 

In the Middle Mountain, unplanned and unregulated construction of rural roads has 
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caused forest loss in many places. Frequent landscape fragmentation and local 

disturbances increases propagule pressure of invasive species (Waddel et al., 2020 ). 

Climate change is likely to enhance the capacity of alien species to invade new areas, 

while simultaneously decreasing the resistance to invasion of natural communities by 

disturbing the dynamic equilibrium maintaining them (Thuiller et al., 2007). Climate 

change could potentially favor invasive non-native species by either creating more 

favourable environmental conditions for them, e.g., increasing fire frequency or by 

stressing native species to the point of being unable to compete against new invasive 

species (Brooks et al., 2004). The observation showed that most of the distribution 

concentrated in the anthropogenic landscape such as agro ecosystem, residential area 

and rangeland and in destructed area forest shrub land and abandoned area. 

Nepal has undergone a significant transformation due to the developmental activities 

(Nepal, 2011; Lennartz, 2013). In the mountain and lowland regions of Nepal, newly 

built roads destabilize slopes and trigger landslides, creating bare ground suitable for 

colonization by the IAPS (Lennartz, 2013). Roads play a major role in the spread of 

alien species by facilitating dispersal pathways and by providing disturbed sites for 

percolation from roadsides into the natural adjacent vegetation (McDougall et al., 

2018). Besides this, rising temperature, altered precipitation, increased atmospheric 

carbon dioxide (CO2), nitrogen (N) deposition  and land use and land cover changes 

influence plant invasion(Vila et al., 2007, Thuiller et al., 2007). The average 

temperature in every bioclimatic zone of CHAL has been increasing over the past five 

decades and 1999-2009 was a comparatively hotter decade at higher altitudes above 

1000 m. On average, the temperature increased at a rate of 0.2C to 0.27C/ decade in 

different bioclimatic zones in CHAL between 1970-2019 (Luitel et al., 2020). 
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5.2 Accuracy assessment 

The overall accuracy of Landsat images was satisfactory despite its moderate spatial 

resolution as compared to high resolution World view 2 (WV2) images. The higher 

overall accuracy of World view 2 images is owing to its high spatial resolution. 

Comparing the results of accuracy assessment of the World view 2 (WV2) and 

Landsat images, the effect of the better spatial resolution is evident for the WV2 

image. The knowledge based classification in WV2 images achieved better accuracy 

than the classification based on Landsat images. In particular, the landuse and 

landcover (LULC) categories (forest, river, sand, cultivation, pond, snow, residential 

etc.) are very relevant from the classification point of view, so the ability of WV2 to 

separate these categories is very significant. A combination of high spatial resolution 

and the suitable spectral resolution, with 8 visible and near infrared bands in the WV2 

image, seems to be crucial for the classification of the LULC categories. On the other 

hand, the archive of Landsat data is free and provides a long-time series of data (since 

the 1970s). So, it is necessary to analyze Landsat data when targeting homogenous 

stands over a large area (Huang et al., 2009). 

This error in Landsat is due to coarse spatial resolution of Landsat images and 

similarity in the spectral signatures in the NIR and visible portions of the 

electromagnetic spectrum in heterogeneous vegetation cover (Narumalani et al., 

2009). The Landsat error in classification is due to its coarse spatial resolution, 

compared to imagery from finer spatial resolution imagery like World view 2. The 

poor detection of L. camara in Landsat images could be attributed to the fact that, the 

spectral signature and the reflectance value of L. camara was developed from images 

composed of heterogeneous stands. Such stands of IAPS with similar reflectance 

would be difficult to detect unless they form dense monotypic stands (Bradley, 2014). 

We found that WV2 data had better abilities in the classification of features (LULC) 

than Landsat data. WV2 is useful in small-scale case studies due to the better spatial 

resolution with a suitable spectral resolution and high cost (Immitzer and Atzberger, 

2014). According to Griffiths et al. (2014) and Hais et al. (2009), Landsat data are 

suitable for large-scale case studies/regions. 
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Specifically, Piyasinghe et al. (2018) acquired high resolution multispectral World 

view 2 images for the mapping of Austroeupatorium inulifolium invasive species in 

Sri Lanka and tested the three classifier individually, i.e., unsupervised, supervised 

and knowledge based classification. The results presented by them showed overall 

classification accuracy of 100% with overall Kappa (K^) Statistics at 1.0. Producers 

and user accuracies of each classified class (Forests, A. inulifolium invaded areas, C. 

nardus-dominated grasslands etc.) showed a 100% accuracy. The present study also 

used the similar classification method as used by Piyasinghe et al. (2018) but in the 

present study the product of pixel based (unsupervised and supervised) classification 

were used as base map for the knowledge base classifier. The decision rules are 

applied to these base maps to identify species that are not able to be detected based on 

the pixel-based classification (Xu and Ji, 2014). Though the classification methods 

were similar but does not show the comparable results. The lower overall accuracy in 

the present study is due to lower spatial resolution of Landsat in compare to WV2 and 

the larger extent of the area under study. 

Tarantino et al. (2019) performed species level mapping of Ailanthus altissima using 

the high spatial resolution image (WV2) involving both the knowledge driven and 

pixel based classification. The results presented by them showed the overall accuracy 

(OA) value of ≈ 91%, which is very close to the accuracy of WV2 in the present 

study. Their findings suggest that multi-temporal, very high resolution satellite 

imagery can be effective for species level mapping especially when airborne 

hyperspectral data are unavailable. 

Ng et al. (2016) used Landsat 8 data for mapping Prosopis spp and evaluated the 

effectiveness of different methods. Their study show the overall accuracy of 74% 

when applying a pixel-based classification using a combination of the wet and dry 

season Earth observation data. Their results also suggest that the object-based 

mapping were less reliable due to the limitations in spatial resolution of the Landsat 

data (15-30 m) and problems in finding an appropriate segmentation scale. 

Laba et al. (2008) applied a maximum-likelihood classification, with spatial 

resolution (2.4 m), to estimate the presence of multiple alien plants (Lythrum 

salicaria, Phragmites australis and Trapa natans) in diverse tidal wetlands of the 
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Hudson River National Estuarine Research Reserve, USA and was a relatively 

reliable data source for wetland non-native plant mapping (accuracy assessment ≥ 

65%). Everrit et al. (2005) proved high accuracy (accuracy assessment ≥ 86%) in 

delineating an Indian grass (Arundo donax) along a riparian zone in Texas. 

The development of models to depict future spread is a crucial research area. Various 

models have been developed; which use climatic and topographic variables as inputs 

to infer on future extent of IAPs (He et al., 2011). Sensors and techniques used would 

also vary from region to region and would be dependent on various factors such as 

resource availability, terrain, IAPS present and vegetation type. 

 

5.3 Management implication 

 

Globally, plant invasions are growing in frequency and areal extent (Mack, 2000). 

These invasions need to be managed because they have serious consequences for 

biodiversity and the economy (Vilà et al., 2011). Mapping is an important tool for 

managing plant invasions because it can identify where they are and how long they 

have been there. The effective management of IAPS relies on reliable maps of current 

location and prediction of future spread. Knowing the spatial distribution of invaders 

can help managers identify sites of invasion (Shaw, 2005), monitor the outcomes of 

management actions (Roura-Pascual et al., 2009) and understand processes that 

operate at a landscape scale (Richardson 2011). Also, quantitatively documenting the 

change in areal extent of invasions is important for justifying and sustaining public 

support of management programs (Mack, 2000) 

The present study shows that area of occupancy as well as the density of the weed 

goes on increasing temporally through which the factor affecting invasion can be 

known and thus provides a benchmark for monitoring future vegetation change. The 

results show the invaded area and the trend of invasion of IAPS which helps the land 

managers to direct resources towards curbing the spread of invasion. Further, our 

database allows for the identification of areas of high densities of weed, where 

managers can apply control measures and also areas where careful intervention may 

be required to conserve the native canopy species that coexist with non-native species. 
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6. CONCLUSION AND RECOMMENDATIONS 

6.1 Conclusion 

The main objective of this study was to determine the distribution of Lantana camara 

spatially and temporally in CHAL area. In this study, knowledge based classification 

approach using Landsat images was employed to determine the distribution of 

Lantana camara in CHAL area. The spatial extension of Lantana camara depicted in 

this study shows that the plant is spreading upward in the northern side mostly in the 

mid hills with the time and space. The knowledge based classification applied on 

World view 2 images produced the best results with higher classification accuracies in 

comparison to Landsat images. Overall accuracies of 77% was found in the present 

study using Landsat images of 2018. The highest overall accuracy was 88 and 83% in 

the selected area of interest of World view 2 and Landsat images, respectively. 

Landsat TM and World view 2 imageries have become invaluable source of data for 

detecting the spatial distribution of L. camara in the study area. Both historical time 

series of remotely sensed data present opportunities for characterizing habitat 

preferences. Though Landsat images showed higher coverages of the weed, however, 

it had given good results in deriving distribution of L. camara spatially and 

temporally. 

6.2 Recommendations 

Based on the results, followings are the recommendations: 

 Use of satellite imageries for long term monitoring of invasive weed is 

recommended. 

 The rate at which L. camara invasion is occurring shows the need for a 

monitoring and assessment of damage. 

 The results of this study can have the following management implication. 

 The results show the invaded area and the trend of invasion of IAPS which can 

help the land managers to direct resources towards curbing the spread of 

invasion. 
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 Provides improved information on the spatial segregation of IAPS which helps 

to know the factor affecting invasion like climatic, anthropogenic etc. on 

further research and thus provides a benchmark for monitoring future 

vegetation change.  
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ANNEXES 

Annex 1: Checklist for data collection 

Checklist Remarks 

Locality 

Management- 1 = Chemical, 2 = Physical, 3 = Biological, 4 = no management, 5 = other 

Magnitude - 1 = Low, 2 = Moderate, 3 = Dense, 4 = Just invaded, 5 = absent 

SN Latitude Longitude Elevation Aspect Slope Species Associated 

species 

Landuse Magnitude Management 

      Lantana 

camara 

    

Annex 2: Climatological statistics of CHAL and outside CHAL for the year: 

A. 1990 

Station ID Station name  District Latitude Longitude rainfall tmax tmin 

303 Jumla Jumla 27.28333 82.16667 618.2 23.46693 9.348051 

310 Dipal Gaun Jumla 26.26667 83.21667 760.42 24.46959 9.29382 

409 Khajura (Nepalganj) Banke 26.1 81.78333 1234.94 33.48104 21.91676 

416 Nepalgunj (Reg.Off.) Banke 28.06667 81.61667 1308.96 33.08363 23.37841 

420 Nepalgunj Airport Banke 28.1 81.66667 1308.96 33.08363 23.37841 

601 Jomsom Mustang 28.78333 83.71667 124.48 20.19333 8.999048 

604 Thakmarpha Mustang 28.75 83.7 271.22 19.30476 9.537619 

605 Baglung Baglung 28.26667 83.6 1672.42 31.22571 18.92857 

607 Lete Mustang 28.63333 83.6 1028.76 19.30476 9.537619 

609 Beni Bazar Myagdi 28.35 83.56667 1255.92 31.02063 19.95794 

612 Mustang (Lomangthang) Mustang 29.18333 83.96667 88.34 17.19667 3.089286 

614 Kushma Parbat 28.21667 83.7 2256.76 30.58214 18.475 

616 Gurja Khani Myagdi 28.6 83.21667 1474.82 31.02063 19.95794 

623 Dhiee Mustang 29.1 84 151.8 17.19667 3.089286 

633 Chhoser Mustang 29.18333 83.98333 151.8 17.19667 3.089286 

702 Tansen Palpa 27.86667 83.53333 814.16 27.425 18.25571 

706 Dumkauli Nawalparasi 27.68333 84.21667 2069.24 32.71143 22.74857 

708 Parasi Nawalparasi 27.53333 83.66667 1757.86 32.71143 22.74857 

715 Khanchikot Arghakhanchi 27.93333 83.15 1490.98 21.94 18.92857 

716 Taulihawa  Kapilbastu 27.55 83.06667 1425.76 33.67984 15.36571 

725 Tamghas Gulmi 28.06667 83.25 1579.56 24.69714 22.7203 

728 Semari Nawalparasi 27.53333 83.75 1401.68 35.30857 15.23714 

802 Khudi Bazar Lamjung 28.28333 84.36667 2993.74 29.14857 22.43238 

804 Pokhara Airport Kaski 28.21667 84 3452.8 28.83143 19.42881 

805 Syangja Syangia 28.1 83.88333 2454.78 29.84143 18.67143 

806 Larke Samdo Gorkha 28.66667 84.61667 871.2 29.84143 18.11143 

808 Bandipur Tanahun 27.93333 84.41667 1431.12 20.19333 8.962857 

809 Gorkha Gorkha 28 84.61667 1262.28 28.65952 18.80476 

810 Chapkot Syangja 27.88333 83.81667 1800.68 31.74571 20.90571 

811 Malepatan (Pokhara) Kaski 28.11667 84.11667 3334.1 28.99881 18.36488 

814 Lumle Kaski 28.3 83.8 5040.5 22.06571 14.86286 

815 Khairini Tar Tanahun 28.03333 84.1 2118.68 31.85086 20.03486 
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816 Chame Manang 28.55 84.23333 615.66 19.56571 8.962857 

817 Damauli Tanahun 27.96667 84.28333 1477.46 20.19333 8.962857 

832 Dandaswara Syangja 28.08333 83.91667 2454.78 29.84143 18.67143 

866 Pokhara Reg. Off. Kaski 28.21667 83.98333 3452.8 28.83143 19.42881 

902 Rampur Chitawan 27.61667 84.41667 1638.8 32.91143 21.65657 

905 Daman Makwanpur 27.6 85.08333 1384.92 20.26429 11.34286 

906 Hetaunda N.F.I. Makwanpur 27.41667 85.05 2019.7 30.95381 20.76 

918 Birganj  Parsa 27 84.86667 391.62 35.30857 20.76 

927 Bharatpur Chitawan 27.66667 84.43333 1638.8 32.91143 21.65657 

1001 Timure Rasuwa 28.28333 85.38333 1062.62 20.36714 12.53 

1004 Nuwakot Nuwakot 27.91667 85.16667 1450.4 29.67857 19.83095 

1007 Kakani Nuwakot 27.8 85.25 2619.08 21.45524 13.99143 

1009 Chautara Sindhupalchok 27.78333 85.71667 405.2 27.52246 15.90936 

1016 Sarmathang Sindhupalchok 27.95 85.6 275.3667 27.52246 15.90936 

1027 Bahrabise Sindhupalchok 27.78333 85.9 781.04 27.52246 15.90936 

1030 Kathmandu Airport Kathmandu 27.7 85.36667 285.86 27.52246 15.90936 

1039 Panipokhari (Kathmandu) Kathmandu 27.73333 85.33333 312.525 26.29874 16.17431 

1055 Dhunche Rasuwa 28.1 85.3 1781.467 22.08222 12.53 

1057 Pansayakhola Nuwakot 28.01667 85.11667 2963.62 20.36714 13.85162 

1062 Sangachok Sindhupalchok 27.7 85.71667 241.42 30.23647 18.84843 

1071 Buddhanilakantha Kathmandu 27.78333 85.36667 317.82 25.9213 13.94737 

 Mustang Mustang 29.329 83.966 88.34 17.19667 3.089286 

B. 2000 

Station ID Station name District Latitude Longitude rainfall tmax tmin 

303 Jumla Jumla 27.283333 82.166667 622.86 23.717977 9.8688803 

310 Dipal Gaun Jumla 26.266667 83.216667 813.72 24.714434 9.5074858 

409 Khajura (Nepalganj) Banke 26.1 81.783333 1274.1 33.183583 23.229797 

416 Nepalgunj (Reg.Off.) Banke 28.066667 81.616667 1352.86 33.135047 24.101344 

420 Nepalgunj Airport Banke 28.1 81.666667 1353.46 33.247664 22.778411 

601 Jomsom Mustang 28.783333 83.716667 165.84 20.357143 10.334286 

604 Thakmarpha Mustang 28.75 83.7 266.46 19.548 9.7731429 

605 Baglung Baglung 28.266667 83.6 2139.2667 29.789286 18.692857 

607 Lete Mustang 28.633333 83.6 1126.1 19.020571 10.503905 

609 Beni Bazar Myagdi 28.35 83.566667 1488.68 30.400952 17.019524 

612 Mustang (Lomangthang) Mustang 29.183333 83.966667 209.85 19.020571 10.503905 

614 Kushma Parbat 28.216667 83.7 2691.54 30.4 19.189286 

616 Gurja Khani Myagdi 28.6 83.216667 1347.12 30.400952 18.388571 

623 Dhiee Mustang 29.1 84 148.53333 20.642857 7.8428571 

633 Chhoser Mustang 29.183333 83.983333 148.53333 20.642857 7.8428571 

702 Tansen Palpa 27.866667 83.533333 1290 26.166667 19.189683 

706 Dumkauli Nawalparasi 27.683333 84.216667 2538.74 32.474286 23.16 

708 Parasi Nawalparasi 27.533333 83.666667 1893.42 32.474286 23.16 

715 Khanchikot Arghakhanchi 27.933333 83.15 1558.26 22.025 13.216667 

716 Taulihawa Kapilbastu 27.55 83.066667 1247.22 32.688949 22.635412 

725 Tamghas Gulmi 28.066667 83.25 1911.5 24.642857 16.208571 

728 Semari Nawalparasi 27.533333 83.75 2148.74 34.215143 22.96781 

802 Khudi Bazar Lamjung 28.283333 84.366667 3200.5 29.422857 19.562857 
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804 Pokhara Airport Kaski 28.216667 84 4422.42 28.962857 19.251429 

805 Syangja Syangia 28.1 83.883333 3185.36 29.177143 18.802857 

806 Larke Samdo Gorkha 28.666667 84.616667 554.32 29.177143 18.802857 

808 Bandipur Tanahun 27.933333 84.416667 1398.42 30.512571 21.368571 

809 Gorkha Gorkha 28 84.616667 1474.14 28.769643 18.55 

810 Chapkot Syangja 27.883333 83.816667 1907.48 30.431429 20.802857 

811 Malepatan (Pokhara) Kaski 28.116667 84.116667 4064.84 29.04219 19.188571 

814 Lumle Kaski 28.3 83.8 5773.5 22.58 15.377143 

815 Khairini Tar Tanahun 28.033333 84.1 2476.98 30.512571 21.368571 

816 Chame Manang 28.55 84.233333 553.28 19.037143 8.4657143 

817 Damauli Tanahun 27.966667 84.283333 1939.8 30.512571 21.368571 

832 Dandaswara Syangja 28.083333 83.916667 3386.9667 29.177143 18.802857 

866 Pokhara Reg. Off. Kaski 28.216667 83.983333 4422.42 28.962857 19.251429 

902 Rampur Chitawan 27.616667 84.416667 2331.34 33.137143 22.72 

905 Daman Makwanpur 27.6 85.083333 2004.62 21.614857 11.968571 

906 Hetaunda N.F.I. Makwanpur 27.416667 85.05 2810.24 31.751429 20.362857 

918 Birganj Parsa 27 84.866667 326.5 34.215143 22.96781 

927 Bharatpur Chitawan 27.666667 84.433333 1421.05 33.137143 22.72 

1001 Timure Rasuwa 28.283333 85.383333 580.94 21.614857 11.968571 

1004 Nuwakot Nuwakot 27.916667 85.166667 2163.98 29.646286 19.990857 

1007 Kakani Nuwakot 27.8 85.25 3055.52 21.7 14.348571 

1009 Chautara Sindhupalchok 27.783333 85.716667 425.38 27.902243 16.860654 

1016 Sarmathang Sindhupalchok 27.95 85.6 644.96 27.902243 16.860654 

1027 Bahrabise Sindhupalchok 27.783333 85.9 636.16 27.902243 16.860654 

1030 Kathmandu Airport Kathmandu 27.7 85.366667 351.9 27.902243 16.860654 

1039 Panipokhari (Kathmandu) Kathmandu 27.733333 85.333333 346.4 27.360476 17.139346 

1055 Dhunche Rasuwa 28.1 85.3 1754.02 22.653571 13.310714 

1057 Pansayakhola Nuwakot 28.016667 85.116667 3461.2 21.258095 10.328571 

1062 Sangachok Sindhupalchok 27.7 85.716667 320.44 30.4 19.189286 

1071 Buddhanilakantha Kathmandu 27.783333 85.366667 431.8 26.292012 14.14782 

 Mustang Mustang 29.329 83.966 209.85 19.020571 10.503905 

C. 2010 

Station ID Station name District Latitude Longitude rainfall tmax tmin 

303 Jumla Jumla 27.283333 82.166667 698.32 24.078785 9.7472897 

310 Dipal Gaun Jumla 26.266667 83.216667 572.3 24.873223 8.5723578 

409 Khajura (Nepalganj) Banke 26.1 81.783333 1221.36 33.659272 22.537505 

416 Nepalgunj (Reg.Off.) Banke 28.066667 81.616667 1179 33.206558 23.542673 

420 Nepalgunj Airport Banke 28.1 81.666667 1425.78 33.68028 22.457757 

601 Jomsom Mustang 28.783333 83.716667 207.24 20.488571 8.9571429 

604 Thakmarpha Mustang 28.75 83.7 302.98 20.531429 9.1114286 

605 Baglung Baglung 28.266667 83.6 1598.04 29.335238 18.267143 

607 Lete Mustang 28.633333 83.6 1163.66 19.202857 9.5342857 

609 Beni Bazar Myagdi 28.35 83.566667 1518.48 30.12 18.808571 

612 Mustang (Lomangthang) Mustang 29.183333 83.966667 164.22 17.92 4.56 

614 Kushma Parbat 28.216667 83.7 2100.6 31.068571 18.048571 

616 Gurja Khani Myagdi 28.6 83.216667 1902.74 20.534286 8.9661905 

623 Dhiee Mustang 29.1 84 38.54 17.92 4.56 
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633 Chhoser Mustang 29.183333 83.983333 164.22 17.92 4.56 

702 Tansen Palpa 27.866667 83.533333 1474.04 29.04 15.648571 

706 Dumkauli Nawalparasi 27.683333 84.216667 2111.04 32.737143 22.868571 

708 Parasi Nawalparasi 27.533333 83.666667 1044.92 41.1 24.1 

715 Khanchikot Arghakhanchi 27.933333 83.15 1593.1 22.939286 15.592857 

716 Taulihawa Kapilbastu 27.55 83.066667 1450.46 33.492951 22.725195 

725 Tamghas Gulmi 28.066667 83.25 1652.42 25.000238 15.777143 

728 Semari Nawalparasi 27.533333 83.75 1805.84 34.037143 20.757143 

802 Khudi Bazar Lamjung 28.283333 84.366667 2952.8 29.674286 18.237143 

804 Pokhara Airport Kaski 28.216667 84 3267.46 29.42 19.054286 

805 Syangja Syangia 28.1 83.883333 2566.84 29.148571 18.954286 

806 Larke Samdo Gorkha 28.666667 84.616667 557.425 26.832143 16.417857 

808 Bandipur Tanahun 27.933333 84.416667 1842 27.385714 18.532143 

809 Gorkha Gorkha 28 84.616667 1617.1 29.754286 19.955714 

810 Chapkot Syangja 27.883333 83.816667 1705.16 31.528571 20.537143 

811 Malepatan (Pokhara) Kaski 28.116667 84.116667 3364.88 29.697143 18.925714 

814 Lumle Kaski 28.3 83.8 5162.7 23.725714 14.78 

815 Khairini Tar Tanahun 28.033333 84.1 1878.36 31.582857 21.045714 

816 Chame Manang 28.55 84.233333 672.08 20.45 5.5821429 

817 Damauli Tanahun 27.966667 84.283333 1398.12 32.468571 20.237143 

832 Dandaswara Syangja 28.083333 83.916667 2676.26 26.832143 16.417857 

866 Pokhara Reg. Off. Kaski 28.216667 83.983333 3059.76 29.627976 19.816667 

902 Rampur Chitawan 27.616667 84.416667 1680.64 32.645714 21.314286 

905 Daman Makwanpur 27.6 85.083333 915.85 22.119048 13.455714 

906 Hetaunda N.F.I. Makwanpur 27.416667 85.05 2114.1 31.697143 20.971429 

918 Birganj Parsa 27 84.866667 197.72 40.322581 23.209677 

927 Bharatpur Chitawan 27.666667 84.433333 1770.18 33 22.461905 

1001 Timure Rasuwa 28.283333 85.383333 976.4 24.888571 14.19619 

1004 Nuwakot Nuwakot 27.916667 85.166667 1264.92 30.288095 19.381905 

1007 Kakani Nuwakot 27.8 85.25 2525.68 22.011429 13.848571 

1009 Chautara Sindhupalchok 27.783333 85.716667 190.14 28.039087 16.717078 

1016 Sarmathang Sindhupalchok 27.95 85.6 748.62 21.673585 12.849057 

1027 Bahrabise Sindhupalchok 27.783333 85.9 334.275 29.562489 16.609942 

1030 Kathmandu Airport Kathmandu 27.7 85.366667 287.84 28.476449 16.819252 

1039 Panipokhari (Kathmandu) Kathmandu 27.733333 85.333333 307.6 29.209917 18.514261 

1055 Dhunche Rasuwa 28.1 85.3 2031.4 22.527714 13.705238 

1057 Pansayakhola Nuwakot 28.016667 85.116667 2676.54 22.011429 13.848571 

1062 Sangachok Sindhupalchok 27.7 85.716667 207.26 29.562489 16.609942 

1071 Buddhanilakantha Kathmandu 27.783333 85.366667 402.06 27.266174 13.515944 

  Mustang Mustang 29.329 164.22 17.92 4.56 

D. 2016 

Station ID Station name District Latitude Longitude Rainfall tmax tmin 

303 Jumla Jumla 27.283333 82.166667 575.56667 24.617445 10.066942 

310 Dipal Gaun Jumla 26.266667 83.216667 650.66667 25.892475 9.3637284 

409 Khajura (Nepalganj) Banke 26.1 81.783333 1338.7 34.128232 20.952522 

416 Nepalgunj (Reg. Off.) Banke 28.066667 81.616667 1286.4667 33.557499 23.798582 

420 Nepalgunj Airport Banke 28.1 81.666667 1369.4333 34.120249 22.568761 
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601 Jomsom Mustang 28.783333 83.716667 194.30 20.87 9.50 

604 Thakmarpha Mustang 28.75 83.7 254.97 21.17 7.84 

605 Baglung Baglung 28.266667 83.6 1774.70 29.40 18.92 

607 Lete Mustang 28.633333 83.6 994.73 19.61 9.96 

609 Beni Bazar Myagdi 28.35 83.566667 1454.53 31.27 21.73 

612 Mustang (Lomangthang) Mustang 29.183333 83.966667 158.06667 18.121429 5.3357143 

614 Kushma Parbat 28.216667 83.7 2332.93 31.02 18.18 

616 Gurja Khani Myagdi 28.6 83.216667 528.17 22.22 7.47 

623 Dhiee Mustang 29.1 84 49.20 18.121429 5.3357143 

633 Chhoser Mustang 29.183333 83.983333 158.07 18.12 5.34 

702 Tansen Palpa 27.866667 83.533333 1218.30 28.73 17.60 

706 Dumkauli Nawalparasi 27.683333 84.216667 2156.50 35.27 23.37 

708 Parasi Nawalparasi 27.533333 83.666667 1327.23 34.01 22.51 

715 Khanchikot Arghakhanchi 27.933333 83.15 1221.73 23.80 15.35 

716 Taulihawa Kapilbastu 27.55 83.066667 1215.3667 33.402181 23.137072 

725 Tamghas Gulmi 28.066667 83.25 1577.97 25.78 15.78 

728 Semari Nawalparai 27.533333 83.75 1321.87 34.66 22.51 

802 Khudi Bazar Lamjung 28.283333 84.366667 2520.27 30.67 19.81 

804 Pokhara Airport Kaski 28.216667 84 3418.43 29.78 17.69 

805 Syangja Syangia 28.1 83.883333 2612.63 31.17 19.23 

806 Larke Samdo Gorkha 28.666667 84.616667 366.37 29.885714 19.261905 

808 Bandipur Tanahun 27.933333 84.416667 1241.40 28.31 19.13 

809 Gorkha Gorkha 28 84.616667 1299.00 30.83 20.53 

810 Chapkot Syangja 27.883333 83.816667 1364.70 31.95 20.78 

811 Malepatan (Pokhara) Kaski 28.116667 84.116667 3721.87 29.89 19.26 

814 Lumle Kaski 28.3 83.8 4767.47 22.46 15.26 

815 Khairini Tar Tanahun 28.033333 84.1 1942.73 32.31 21.30 

816 Chame Manang 28.55 84.233333 3042.4 26.228571 16.361905 

817 Damauli Tanahun 27.966667 84.283333 1088.50 33.45 21.79 

832 Dandaswara Syangja 28.083333 83.916667 3042.40 26.23 16.36 

866 Pokhara Reg. Off. Kaski 28.216667 83.983333 3721.8667 29.885714 19.261905 

902 Rampur Chitawan 27.616667 84.416667 1841.97 32.88 21.67 

905 Daman Makwanpur 27.6 85.083333 549.73333 20.10 8.00 

906 Hetaunda N.F.I. Makwanpur 27.416667 85.05 1959.03 31.61 21.24 

918 Birganj Parsa 27 84.866667 216.3 35.391057 24.319122 

927 Bharatpur Chitawan 27.666667 84.433333 2011.03 33.40 22.53 

1001 Timure Rasuwa 28.283333 85.383333 549.73 26.71 16.19 

1004 Nuwakot Nuwakot 27.916667 85.166667 1320.73 29.88 20.24 

1007 Kakani Nuwakot 27.8 85.25 1805.23 22.99 15.03 

1009 Chautara Sindhupalchok 27.783333 85.716667 474.6 25.860523 16.265364 

1016 Sarmathang Sindhupalchok 27.95 85.6 817.9 18.407588 10.608183 

1027 Bahrabise Sindhupalchok 27.783333 85.9 468.3 30.224019 15.715477 

1030 Kathmandu Airport Kathmandu 27.7 85.366667 274.63333 28.192523 16.953029 

1039 Panipokhari (Kathmandu) Kathmandu 27.733333 85.333333 244.96667 30.210148 17.796365 

1055 Dhunche Rasuwa 28.1 85.3 1390.70 22.94 13.58 

1057 Pansayakhola Nuwakot 28.016667 85.116667 1372.40 22.93 14.52 

1062 Sangachok Sindhupalchok 27.7 85.716667 250.5 25.860523 16.265364 
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1071 Buddhanilakantha Kathmandu 27.783333 85.366667 493.6 25.939344 15.243333 

 Mustang Mustang 29.329 83.966 2332.9333 31.02381 18.17619 

Annex 3: Data sources for Landsat images 

Year  Row/path Acquisition date Instrument Source 

1992 142/040 1992/11/15 Thematic 

Mapper (TM) 

https://earthexplorer.usgs.gov/ 

142/041 1992/11/15 

143/040 1992/11/06 

141/041 1992/11/08 

142/040 1992/11/29 

1999 141/040 1999/10/27 Thematic 

Mapper (TM) 

https://earthexplorer.usgs.gov/ 

141/041 1999/10/27 

142/041 1999/12/05 

143/043 1999/12/28 

143/040 1999/10/27 

142/040 1999/12/05 

2009 142/041 2009/10/29 Thematic 

Mapper (TM) 

https://earthexplorer.usgs.gov/ 

143/041 2009/11/05 

142/040 2009/10/29 

141/040 2009/11/23 

143/040 2009/11/05 

141/041 2009/11/23 

2018 141/041 2018/06/25 Operational Land Imager 

(OLI) 

https://earthexplorer.usgs.gov/ 

141/040 2018/06/25 

142/040 2017/06/13 

142/041 2016/06/10 

143/040 2017/06/04 

Annex 4: Data sources for WV2 images 

Districts Raster Acquisition Date 

Chitwan 18JAN22050352-M2AS_R1C1-011412008070_01_P001 2018 

 18JAN22050352-M2AS_R1C2-011412008070_01_P001 2018 

 18JAN22050250-M2AS-058370866010_01_P001 2018 

 17NOV20051739-M2AS_R1C1-011412008010_01_P001 2017 

 17NOV20051739-M2AS_R1C2-011412008010_01_P001 2017 

 10NOV02050845-M2AS_R1C1-011412008140_01_P001 2010 

 10NOV02050845-M2AS_R1C2-011412008140_01_P001 2010 

 10NOV02050845-M2AS_R1C3-011412008140_01_P001 2010 

 10NOV02050845-M2AS_R1C4-011412008140_01_P001 2010 

 10NOV02050845-M2AS_R2C2-011412008140_01_P001 2010 

 10NOV02050845-M2AS_R2C3-011412008140_01_P001 2010 

 10NOV02050845-M2AS_R2C4-011412008140_01_P001 2010 

Dhading 18APR14053230-M2AS_R1C1-011412018020_01_P001 2018 
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 18APR14053230-M2AS_R1C2-011412018020_01_P001 2018 

 18APR14053230-M2AS_R2C1-011412018020_01_P001 2018 

 18APR14053230-M2AS_R2C2-011412018020_01_P001 2018 

 18APR14053230-M2AS_R2C3-011412018020_01_P001 2018 

 18APR14053230-M2AS_R3C2-011412018020_01_P001 2018 

 18APR14053230-M2AS_R3C3-011412018020_01_P00 2018 

 10APR24051303-M2AS_R1C1-011412008050_01_P001 2010 

 10APR24051303-M2AS_R1C2-011412008050_01_P001 2010 

 10APR24051303-M2AS_R2C1-011412008050_01_P001 2010 

 10APR24051303-M2AS_R2C2-011412008050_01_P001 2010 

 10APR24051303-M2AS_R2C3-011412008050_01_P001 2010 

Gorkha 16FEB21051047-M2AS_R1C1-011412008110_01_P001 2016 

 16FEB21051047-M2AS_R1C2-011412008110_01_P001 2016 

 16FEB21051047-M2AS_R2C1-011412008110_01_P001 2016 

 11MAR22050837-M2AS_R1C1-011412008120_01_P001 2011 

 11MAR22050837-M2AS_R1C2-011412008120_01_P001 2011 

 11MAR22050837-M2AS_R2C1-011412008120_01_P001 2011 

Kaski 18MAR09051004-M2AS_R1C2-011412018030_01_P001 2018 

 18MAR09051004-M2AS_R1C3-011412018030_01_P001 2018 

 18MAR09051004-M2AS_R2C1-011412018030_01_P00 2018 

 18MAR09051004-M2AS_R2C2-011412018030_01_P001 2018 

 18MAR09051004-M2AS_R2C3-011412018030_01_P001 2018 

 18MAR09051004-M2AS_R2C4-011412018030_01_P001 2018 

 18MAR09051004-M2AS_R3C1-011412018030_01_P00 2018 

 18MAR09051004-M2AS_R3C2-011412018030_01_P001 2018 

 18MAR09051004-M2AS_R3C3-011412018030_01_P001 2018 

 18MAR09051004-M2AS_R3C4-011412018030_01_P001 2018 

 18MAR09051004-M2AS_R4C1-011412018030_01_P001 2018 

 17DEC09052020-M2AS-058496162010_01_P0021 2017 

 12MAY15052059-M2AS_R1C1-011412008030_01_P001 2012 

 12MAY15052059-M2AS_R1C2-011412008030_01_P001 2012 

 12MAY15052059-M2AS_R2C1-011412008030_01_P001 2012 

 12MAY15052059-M2AS_R2C2-011412008030_01_P001 2012 

 12MAY15052059-M2AS_R2C3-011412008030_01_P001 2012 

Makwanpur 17NOV30050815-M2AS_R1C1-011412008100_01_P001 2017 

 17NOV30050815-M2AS_R1C2-011412008100_01_P001 2017 

 17NOV30050815-M2AS_R2C1-011412008100_01_P001 2017 

 17NOV30050815-M2AS_R2C2-011412008100_01_P001 2017 

 18JAN22050233-M2AS_R1C1-011412008060_01_P001 2018 

 18JAN22050233-M2AS_R1C2-011412008060_01_P001 2018 

 18JAN22050233-M2AS_R2C1-011412008060_01_P001 2018 

 18JAN22050233-M2AS_R2C2-011412008060_01_P001 2018 

 18JAN22050233-M2AS_R2C3-011412008060_01_P001 2018 

 18JAN22050233-M2AS_R3C3-011412008060_01_P001 2018 
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 09DEC02050534-M2AS_R1C1-011412008090_01_P001 2009 

 09DEC02050534-M2AS_R2C1-011412008090_01_P00 2009 

 10DEC16051138-M2AS_R1C1-011412008080_01_P001 2010 

 10DEC16051138-M2AS_R1C2-011412008080_01_P001 2010 

Nawlparasi 18JAN25052515-M2AS_R1C1-011412018040_01_P001 2018 

 18JAN25052515-M2AS_R1C2-011412018040_01_P001 2018 

 18JAN25052515-M2AS_R1C3-011412018040_01_P001 2018 

 18JAN25052515-M2AS_R2C1-011412018040_01_P001 2018 

 18JAN25052515-M2AS_R2C2-011412018040_01_P001 2018 

 17DEC06053039-M2AS-059477838020_01_P001 2017 

 10NOV05051952-M2AS-011412008020_01_P001 2010 

 10NOV05051931-M2AS-011412008020_01_P002 2010 

Tanahau 18MAR19050245-M2AS_R1C1-011412008130_01_P001 2018 

 18MAR19050245-M2AS_R1C2-011412008130_01_P001 2018 

 18MAR19050245-M2AS_R1C3-011412008130_01_P001 2018 

 18MAR16052211-M2AS-011412008130_01_P002 2018 

 17DEC09052001-M2AS-058496164010_01_P001 2017 

 09FEB14050434-M2AS_R1C1-011412008150_01_P001 2009 

 09FEB14050434-M2AS_R1C2-011412008150_01_P001 2009 

 09FEB14050434-M2AS_R1C3-011412008150_01_P001 2009 

 09FEB14050434-M2AS_R1C4-011412008150_01_P00 2009 

 09FEB14050434-M2AS_R2C3-011412008150_01_P001 2009 

 09FEB14050434-M2AS_R2C4-011412008150_01_P001 2009 

Myagdi 18NOV06051534-M2AS-059477838010_01_P001 2018 
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Annex 5: Landuse and landcover map 
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Annex 6: Elevational range covered by Lantana camara  

SN Year (AD) Minimum elevation (m) Maximum elevation (m) Range Mean 

1 1990 193 1425 1232 492.61 

2 2000 136 1562 1426 742.69 

3 2010 146 1591 1445 698.26 

4 2018 143 1618 1475 874.46 

Annex 7: Summary of classification accuracies for Landsat images of CHAL  

Site Year Overall 

accuracy 

(%) 

User accuracy 

(%) 

Producer accuracy 

(%) 

Error of 

ommission 

Error of 

commission 

Kappa 

Statistics 

(k) 
Absent Present Absent. Present. Absent. Present. Absent present 

CHAL 2018 77.25 78.38 76.21 75.27 79.23 0.24 0.2 0.21 0.2 0.54 

Annex 8: Summary of classification accuracies for Landsat and World view 2 images of the year 2018 

Districts Sites Class Landsat Digital globe 

Producer's User's Com. 

Error 

Omi. 

Error 

Producer's User's Com. 

Error 

Omi. 

Error 

Chitwan Rampur Absent 79.3 70.7 0.29 0.2 82.7 75 0.25 0.17 

  Present 80.2 86.5 0.13 0.19 83.3 88.88 0.11 0.16 

Tanahau Dulegauda Absent 79.6 84.9 0.15 0.2 82.3 89.4 0.10 0.17 

  Present 82.9 77.0 0.22 0.17 88.2 80.5 0.19 0.11 

Tanahau Ghasikuwa Absent 80.0 83.3 0.16 0.20 86.0 84.3 0.15 0.14 

  Present 84.0 80.7 0.19 0.16 84.0 85.7 0.14 0.16 

Dhading Dharke Absent 80.0 83.3 0.16 0.20 84.0 87.5 0.12 0.16 

  Present 84.0 80.7 0.19 0.16 88.0 84.6 0.15 0.12 

Makwanpur Hetauda Absent 80.0 83.3 0.12 0.20 84.0 87.5 0.12 0.16 

  Present 84.0 80.7 0.15 0.16 88.0 84.6 0.15 0.12 

Makwanpur Manahari Absent 82.0 83.6 0.16 0.18 86.0 87.7 0.12 0.14 

  Present 84.0 82.3 0.17 0.16 88.0 86.2 0.13 0.12 

Chitwan Muglin Absent 78.0 79.5 0.2 0.22 84.0 82.3 0.17 0.16 

  Present 80.0 78.4 0.21 0.20 82.0 83.6 0.16 0.18 

Nawalparasi Devchuli Absent 78.0 82.9 0.17 0.22 86.0 89.5 0.1 0.14 

  Present 84.0 79.2 0.2 0.16 90.0 86.5 0.13 0.10 

Kaski- Leknath- Absent 76.0 79.1 0.2 0.24 78.0 82.9 0.17 0.22 

Syangja Kudule Present 80.0 76.9 0.1 0.20 84.0 79.2 0.20 0.16 

Com. Error - Commission Error, Omi. Error - Omission Error 
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Annex 9: Comparison on P-value of area cover between Landsat and WV2 for the year 2008 and 2018 

AOI Total Area 

of AOI 

(km
2
) 

Landsat (2008) 

Area(km
2
) 

   WV2(2008) 

Area(km
2
) 

Landsat (2018) 

Area(km
2
) 

 WV2(2018) 

Area(km
2
) 

Dharke 60.95 3.19 3.01 5.18 4.66 

Devchuli 44.22 1.54 1.26 2.49 1.91 

Manahari 106.8 2.45 1.87 6.08 4.16 

Hetauda 54.3 2.12 1.90 3.09 2.83 

Muglin 39.85 1.33 0.99 2.17 1.53 

Ghasikuwa 75.34 2.45 2.18 3.98 3.27 

Lekhnath 96.67 2.75 1.86 3.77 2.49 

P- value  0.27  0.24  

 

Annex 10: Photoplates 

 

Dense patch (>5*5) 

 

Moderate patch (5*5) 
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Low patch (2*2) 

 

Data collection at Roadside 

 

    

 

 

 

 

 

 

Dense patch invaded by Lantana camara 
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Dense patch of Lantana camara along Roadside 

Interaction with local people Absent point for Lantana camara 

Participation on conference conducted by NAST Participation on conference on 'NCIBP 2020' 




