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Abstract

Mikania micrantha is a fast-growing neotropical, and the most problematic terrestrial
invasive plant species rapidly invading tropical parts of Nepal. Remote Sensing offers
synoptic view for detecting and mapping invasive plant species and record changes in
actual and potential distribution across wide region over time period. Knowledge
based classification approach was used for mapping M. micrantha distribution in
Chitwan Annapurna Landscape using multispectral Landsat and WorldView-2
imageries. For Knowledge Based classification, information on elevation, slope,
aspect, maximum temperature, minimum temperature, rainfall, unsupervised
classified image based on digital number (DN) value NDVI from reflectance and
supervised classified image of land use that is suitable for M. micrantha were used as
variables for rules. Results have shown increasing trend i.e. 0.1%, 0.19 %, 0.65% and
1.39% of total area of CHAL covered by M. micrantha in 1990, 2000, 2008 and 2018
respectively in Landsat image. WorldView 2 images of different small patch of
Chitwan, Nawalparasi, Chitwan-Makwanpur, Chitwan- Tanahu, Makwanpur
(Hetauda) were classified and accuracy assessment was done. WorldView-2 images
with high spatial resolution than the Landsat images show higher accuracy. Overall
accuracy varied from 68.75% to 76% and 79% to 82.5% in Landsat and WorldView-2
imageries respectively. Kappa coefficient varied between 0.37to 0.52 and 0.49 to 0.65
for Landsat and WorldView-2 imageries, respectively. WorldView-2 imageries of high
spatial resolution are more effective than Landsat imageries in delineation of Mikania
micrantha however Landsat imageries can also be useful in detecting the herbaceous

weed.

Keywords: Invasive plant species, Knowledge based classification, Supervised
classification, Accuracy assessment

Vi
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1. INTRODUCTION

1.1 Background

Invasive species are those species that occurdeutkieir natural range, spread
rapidly and cause harm to other species, commanitie entire ecosystems and to
human well-being. The alien invasive species imgacrmously because they harm
human health; pose threat to biological diversdapd cause enormous economic
losses (Vitousekt al, 1997). Biological invasions are recognized asagor driver of
decline of biodiversity and altered ecosystem sewviworldwide (Paucharet al,
2009). Invasive species are of great concern beaaiuheir wide spreading capacity,
high competitiveness and ability to colonizatiomew environment. The spread of a
species in a new range is limited by propagule sunes abiotic factors and biotic
interactions with competitors, enemies and muttg(Bietz and Edwards, 2006). The
list of established introduced species grows amypuabk does the number of their
significant economic and ecological effects (Vitekigt al, 1997). In Nepal, alien
plant species that naturalized in different habjté#6 species are recognized as
invasive aliens plant species (IPAS) (Shresthag0Among 26 IAPS, four species
(Chromolaena odorata, Eichhornia crassipes, Lantanamara and Mikania
micranthg are included in world’s 100 worst invasigpecies (Loweet al, 2000).
Spread of Invasive species varies spatially andgoeeanily and since it is the most
problematic issue for native biodiversity and esbesmn, there is urgent need for new

techniques enabling timely fast and precise manigofHumleet al, 2009).

Remote sensing is the field of study to extracorimfation about an object without
requiring physical contact (Schott, 1997). This gess is done by sensing and
recording emitted or reflected energy and then gssing, analyzing and applying
that information (Sowmyat al, 2017). Since the early 1960s, multispectral aibo
and satellite remote sensing technologies have bset as a common source for the
remote classification of vegetation (Landgrebe, d9%Remote sensing provides a
wide range of sensor systems including aerial gragghs, airborne multi-spectral
scanners, satellite imagery, low and high spatia spectral resolution and ground-

based spectrometer measurements (Jathial, 2004). Multispectral systems



commonly collect data in three to six spectral lzaimda single observation from the
visible and near-infrared region of the electroneignspectrum. The Multispectral
satellite sensor provides digital raster imageat #ilow us to apply Digital Image
Processing (DIP) techniques to develop thematicsneddanduse/landcover classes
which are essential in many remote sensing appitatlike forestry, agriculture,
environmental studies, weather forecasting, océadies, archeological studies etc.
There are various sensors used that differ in @pegsolution, spectral resolution,
spatial extent and temporal resolution (Bradleyl40 On the basis of spectral
resolution, two broad categories of sensors aleedi for IAPs detection that are
multispectral and hyperspectral sensors. Effeatse of Remote Sensing techniques
for vegetation mapping and monitoring is a functadnscale, resolution, season of
imagery, kind of vegetation, phenology of vegetatisensor and spectral sensitivity
processing of the remote sensing product, and spaddprecision of transfer of
information into a map product (Jarmeanal, 1983). Spatial patterns of invasion can
be predicted by linking current presence and alesehénvasive species to spatially
explicit predictor variables, like land use, geopfmlogy, and topography, using
geographic information systems (Store and Kang@81R Land use and land form
characteristics related to increased probabilitingésive species can then be used to

inform conservation and management efforts (Bradlay Mustard, 2006).

The use of multispectral imagery offers the oppdtiu for automated image
processing, access to recent historical data foe Series analysis, and large spatial
coverage. Some studies have had success evencasirsg resolution (1.1 km pixel)
advanced very high-resolution radiometer (AVHRR)agery to identify weed
(Underwood, 2003). The weed species distinguishean fgrassland using the
Normalized Difference Vegetation Index (NDVI) (Twsk 1979), due to differences
in phenological activity. At higher spatial and spal resolution Landsat 5 thematic
mapper (TM) imagery (30 m pixels) was used to mtethe distribution of dyers
wood (satis tinctorig. Known infestations were mapped and correlateth wi
brightness, greenness and wetness value derivedtfre reflectance data. However,
the spatial resolution of TM, like AVHRR imageryean that invasive populations
can often only be detected after they become dandewidespread (Carsaat al,
1995).



Plant species invasion can potentially be detediszttly by remotely sensed data
based on the reflectance properties of vegetationcertain portions of the
electromagnetic spectrum (called wavelength windog®occhini et al, 2015).
Multispectral sensors at a high spatial resolutiane been used to detect tree and
shrub invasive species. In general, identifyingivitthal species reliably using
satellite-based and aerial imagery is challenging tb the difficulties of choosing
and detecting optimal spectral wavelengths to diffgate the target species from
others (which may only be possible at certain timegear), and controlling for the
effects of vegetation structural characteristicedping, 2011) as well as identifying
spatial associations between invasive and clostfted native species (Call and
Nilsen, 2003). Remote sensing provides a great rtypmity to develop predictive
models for invasion risk analysis and to draftyeddtection strategies.

1.2 Justification of the study

Invasive plants are exotic species that threatdivenapecies, and ecosystems, and
cause economic damage. Invasive alien plant spemies major threat to the
biodiversity of the world including Nepal. Althougtome documentation work as
well as impact analysis of a few species are dahéhe exact distribution of invasive
alien species with the application of satellite gaa is still new in the context of
Nepal. The geographical extension of Chitwan Anmaglu_andscape (CHAL) area
with intensive coverage of invasive species is kméavbelow 2500 m in the southern
face of the Himalayas. CHAL is a region of scergalnty with the rain shadow of the
trans-Himalayan area and snowcapped mountains ofapurna, Manaslu, and
Langtang in the north. The terrain descends souttssa the mid-hills, Churia range,
and the flat lowlands of the Terai and part of CHAdlls within the Sacred
Himalayan Landscape (SHL).

Remote sensing technology has received consideraibtdgest in the field of
biological invasion in the recent years. Technigsash as remote sensing offer
significant opportunities for providing timely imimation on invasions of non-native
species into native habitats (Underwoed al, 2003). It is a tool offering well-
documented advantages including a synoptic viewtispectral data, multi-temporal
coverage and cost effectiveness. Therefore, apipiicaf satellite imageries might

become a new technique to assess the alien invalsinespecies.



1.3 Research questions

This research aimed to answer following questions:

. What is the distribution pattern of invasive weadikania micranthain Chitwan

Annapurna Landscape since 19907
. Which is the best satellite data for mapping ofasive weedMikania
micranthaamong Landsat and World view 27?

1.4 Objectives

General objective
. To access spatial and temporal distributionvidkania micranthain Chitwan
Annapurna Landscape (CHAL), Nepaling satellite imageries.

Specific objectives

Following are the specific objectives of this study

. To compare changes in distribution Mlikania micranthabetween 1990 to
2018.

. To compare distribution and accuracy of Landsat\&iodld view 2 imageries.
1.5 Limitations

The limitations of this study are

. Presence of cloud cover and other atmosphericrfactatellite imageries there

may be chance of fluctuation in data.
. Detection of species that are present under canopy.
. Sampling is mostly focused on road side.

. Landsat imageries of 3 years window were downloadethck of imageries of

certain year.



2. LITERATURE REVIEW

2.1 Biological invasion

Biological invasions have been identified as a maon-climatic driver of global
change (Beclet al, 2008). Invasion is a dynamic process that cafabg and after
the species has spread over the landscape and/eattaehigh abundance it can be
difficult or even impossible to stop or slow dowretinvasion (Rejmanek and
Pitcairn, 2002; Pluesst al, 2012). Invasive species can profoundly modify the
structure and function of invaded ecosystems, abastic interactions and
homogenize diverse plant and animal communitidarge spatial scales, ultimately
resulting in a loss of genetic, species and ecesystiversity (Qian and Ricklefs,
2006). Along with other drivers of ecosystem degtimh such as habitat change and
exploitation, environmental pollution, climate clgan and associated effects,
including the loss of keystone species, loss ofinmibrs and altered ecosystem
functioning, biological invasions contribute to tecline of biodiversity worldwide
(Millinium, 2005; McGoechet al, 2010). Plant invasions occur across a wide range
of bioclimatic conditions and spreading of non-matiplants often depends on
humans. Human activities such as internationaletrald travel promote biological
invasions by accidentally or deliberately dispegsispecies outside their native
biogeographical ranges (Alpert, 2006). Biologiaavdsion is mainly influenced by
three factors that are propagule pressure, bidbgicaits and invisibility of
community (Londsale, 1999). Many invasive aliennplapecies have different life
history trait that facilitate the invasion procesgy are smaller seed size, allelopathic
substances, vegetative reproduction, persistertt Bark, phenotypic plasticity and
successive colonizer of the disturbed habitat @r&006). Invasive species are how
viewed as a significant component of global chazage have become a serious threat
to natural communities (Macét al, 2000; PySek and Richardson, 2010). Early and
fast detection is needed to make the managemetieffestive (Py'sek and Hulme,
2005).

2.2 Invasive alien plant species in Nepal

There are over 166 species of naturalized alient@pecies (Tiwaret al, 2005) in
Nepal. Among them Tiwarket al. (2005) categorized 21 naturalized species as

invasive in Nepal. In addition to these, four natized speciedgeratum conyzoides



Erigeron karvinskianusGalinsoga quadriradiataand Spermacoce alatdad been
found to be invasive in Nepal by Shrestha, 2016Smesthaet al, 2017 and recently
Spergula arvensitiad been added to the list of invasive speciesogrthem four
species Chromolaena odorata, Eichhornia crassipes, Lantaaanaraand Mikania
micranthg are included in world’s 100 worst invasigpecies (Loweet al, 2000).
There is high concentration of IAPS on the southieaif of the country (which
includes Tarai, Siwalik and Mid Hills running eag¢st) with tropical to subtropical
climate (Shrestha, 2016).

2.3 Mikania micrantha Invasive alien plant species

Mikania micranthais native toCentral and South America. It was first spread in
Hongkong through sea route at the beginning ofdastury and from there it reached
to the coast of Gaungdong province in 1980s (Zhetrag, 2004).M. micranthawas
introduced in Taiwan in 1970s for soil conservatamd now it invades nurseries,
orchards, lawns, plantation and disturbed foregtaiiget al, 2004).M. micrantha
also grows in forests, along river and stream,istudoed places and along roadsides.
M. micranthahas now also spread in Mauritius, India, Sri Laranhladesh, south
east Asia and Pacific (Dengt al, 2004). It has invaded agricultural lands and
plantation crops such as tea, teak, rubber, ofhgal moist tropical forest zones of

Asia, particularly South east Asia (Chaudhary, 3972

Mikania micranthawas first collected from the Jogmai-Ragapani afdéam district

in east Nepal in 1963 by H. Hara, H. Kanai, S. ksarea, G. Muratta, M. Togashi and
T. Tuyama (KATH) a Japanese team scientificallyorggd in 1966 in the Flora of
Eastern Nepal (Tiwaet al, 2005). The weed has been creating a serioust tinréze
protected areas such as Chitwan National Parkle#&ashi Tappu Wildlife Reserve
by suppressing the growth of native plants and gérng the regenerations of other
(Siwakoti, 2007. M. micrantha highly invadedi in theDalbegia sissoo tree in
afforested land in Chitwan National Park, Nepal ahd prevalent effect was
observed irBombax ceib@Sapkota, 2007).

2.4 Application of remote sensing

Traditional ground-based methods for gathering ribistion information are

expensive and tine consuming; thus, research anthgeanent activities are often



constrained by financial and/or logistical costsdAarsonet al, 2003;Lawrenceet
al., 2006). Remote sensing can provide information loe $patial and temporal
distributions of plant populations (Kerr and Ossky, 2003;Shaw, 2005) in an
efficient and cost-effective way (Rest al, 2005). The era of global digital imagery
began in 1972 when, for the first time, repeatedoofunities for synoptic views of
entire continents became possible. Since that teagllite instruments have had
widespread use for land cover and vegetation magpjiistorical very high spatial
resolution (VHR) aerial photography provides anedent source of information on
changing landscapes over time and under certatnrostances (appropriate time of
acquisition, good recognizability of target, goachd series) it can be used for
studying invasion process in detail (Mullerogaal, 2013). Multispectral airborne
and satellite systems have been employed for gathedata in the fields of
agriculture and food production, geology, oil anthenal exploration, geography and
urban to non-urban localities (Landgrebe, 1999)e Havantage of using satellite
remote sensing systems was to provide both thepsigndew space provides and the
economies of scale, since data over large areakl dma gathered quickly and

economically from such platforms (Landgrebe, 1999).

Multispectral remote sensing allows for the disanation of different types of
vegetation, rocks and soils, clear and turbid wated selected man-made materials
(Smith et al, 1990). Multispectral remote sensing technologessdlect data from
three to six spectral bands from the visible andriafrared region of the
electromagnetic spectrum. The fewer number of spleaategorization of the
reflected and emitted energy from the earth is phenary limiting factor of
multispectral sensors. Over the past 2 decadesdéhelopment of airborne and
satellite hyperspectral sensor technologies hasrcomee the limitations of
multispectral sensors (Govendar al, 2008). Although hyperspectral data are very
rich in information, processing the hyperspectratad poses several challenges
regarding computational requirements, informati@dundancy removal, relevant

information identification, and modeling accura8ajcsy and Groves, 2004).
2.5 Remote sensing of vegetation

Temperate landscapes offer a more manageable docidr such studies, with a

relatively small number of habitat types, and witeach type, a greater predominance



of a few, dominant species. The tropics on the rottamd offer a challenge of an

altogether greater magnitude, with far greater renmlof landscapes, habitats, and
species, distributed across a variety of stageg@fth and succession, and with far
more complex canopy structures (Nagendra, 200IhdRe Sensing of herb species is
possible only if the data provided enough speanal/or spatial detail, the species is
distinct from surrounding species and backgroundn$ dense and uniform stands
and/or is large enough to be detected (Milleratval, 2005; Peterson, 2005; Bradley
and Mustard, 2006; Jonesal, 2011).

Remotely sensed variables, like the normalizeceddfice vegetation index (NDVI),
which is a measure of photosynthetic “greennegBlicker and Sellers, 1986), have
been used to inform models predicting the occugericplant and animal species.
Tucker et al. (1985) showed that it was possible to use a ‘gressi index,
specifically the Normalized Difference Vegetationdéx (NDVI), from weather
satellite data to develop a consistent continesttale map of actual vegetation, rather
than a potential vegetation map based on climate.

2.6 Remote sensing of invasive alien plant species

Phenology plays a significant role in detecting ampping the spatial distribution of
invasive species in remote sensing applicationsef-s, 2011). Multi-date remotely
sensed images have become very useful in invasiahes. Unique phenology of
some invasive species provides a key for spedifatences between targeted species
and co-occurring native vegetation (Evangelgtal, 2009).

Huang and Asner (2009) applied remote sensingi¢m @hvasive plant species that
provides a means to detect the structure and fumadtproperties of invasive plants of
different canopy levels and finally summarize regiostudies of biological invasions
using remote sensing, discuss the limitations ohate sensing approaches, and
highlight current research needs and future dmasti Mullerovaet al. (2013)
detected the distribution dfieracleum mantegazzianuosing remote sensing and
tested effects of data resolution and image ciaasibn approach on the detection of
a model plant species. Object-based image anabysiery high spatial resolution
(VHR) data enabled monitoring éferacleum mantegazzianuah high classification
accuracies measured by various means, regardlesgse afpectral resolution of the
data provided that the data came from the spelce®fing period.



Identifying individual species reliably using séitetbased and aerial imagery is
challenging due to the difficulties of choosing adétecting optimal spectral
wavelengths to differentiate the target speciesnfrothers (which may only be
possible at certain times of year), and as welidastifying spatial associations

between invasive and closely-related native spd€lali and Nilsen, 2003).

In general, most understory invasive species ard ttadetect and map by remote
sensing since they are usually hidden by overstanppy. However, in some cases, a
temporal window may exist when a clear phenolodfedince exists between native
overstory species and understory invaders (SommetsAaner, 2012). Wilfonget al.
(2009) effectively detected the distribution of anderstory invasive shrub, Amur
honeysuckle l{onicera maack), in the deciduous forests of south-western Ohio,
using phenological difference between Amur honekfeuandco-occurring native tree
species in the canopy. In this case, the invadmglsleaves out earlier in the spring
and retains leaves longer in the fall than nateeidlious species. Therefore, the best
acquisition windows for remote sensing could pdgside the early spring and late
fall when native deciduous species are leafless.

The ability to accurately identify the spatial distition of an invasive exotic plant
species would enhance the efficacy of control amshagement efforts by enabling
land managers to more accurately direct eradicapoograms, develop better
predictive models about future dispersal, and doatd management programs across
multiple scales. Furthermore, enhancing our abtbitydetect plant communities that
have been invaded by an exotic species and thaséake not will aid research into
what characteristics make ecosystems susceptiblevé&sion by exotic species. The
identification of such characteristics has beenntified as being of critical
importance in the control of invasive species andhitigating the impacts of exotic

species invasion (Hobbs and Humphries,1995).

Wolter et al. (1995) used Landsat TM imagery of June 1987 and Magery of
October 1980, September 1985, February 1988 and RS2 to map the
Chequamegon National Forest in the U.S. Nineteeestaypes were mapped, 11
with single species stands, and 8 with mixed sgediandsat MSS imagery was
acquired to correspond with leaf flush stages embisling aspen and black ash, and
leaf-off of oak and tamarack. Landsat TM data wepuaed for the period in which



all species were in leaf flush. The TM image wagsduso separate forest from

nonforest, and to stratify forest into broad catesggoof conifer, hardwood and mixed.
2.7 Research gap

Mikania micranthais included in world’s 100 worst invasiapecies (Loweet al.,
2000), and is one of the 6 worst invasive aliemp$gpecies that poses the highest risk
to native ecosystems in Nepal (Tiwai al, 2005). The weed has been rapidly
invading the different tropical ecosystems of Neffatest, cropland, grassland, and
wetland) by suppressing the growth of native plamis preventing the regenerations
of other plants due to its high dispersal abilitydaadaptability to colonize in new
habitat and difficult to control if once establishéRemotely sensed data are cost-
effective and permit fast and frequent mappingldb presents valuable information
for understanding the natural and man-made envieotsn through quantifying
vegetation cover from local to global scales aivarytime point or over a continuous
period. The technology of remote sensing offersaatcal and economical means to
study vegetation cover changes, especially ovgelareas (Langlegt al, 2001). But

to date not a such type of research of remote rsgnsi invasive weed has not
conducted in Nepal. So, this study intends to 6ntthe distribution of invasive weed
Mikania micranthain CHAL area. The results from this study might Hedpful for
providing a great opportunity to develop predictimedels for invasion risk analysis
and to draft early detection strategies (Vandedird al, 2014).
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3. MATERIALS AND METHODS

3.1 Study species

Mikania micranthaKunth (Family Asteraceae) is an extremely fast-growingepeial
vine and native to Central and South America. Itasnmonly known as a mile-a-
minute-weed and locally known as a lahare banmiaia. included in world’s 100
worst invasivespecies (Loweet al, 2000), and is one of the 6 worst invasive alien
plant species in Nepal (Tiwaet al, 2005).It is characterized by the capitulum of
four flowers (disc florets) surrounded by four dhyils, and is a multi-branched,
perennial, scrambling vine with five ribbed stenméernodes pubescent or glabrous
and 7.5-21.5 cm long (Tripattet al, 2012). The leaves are opposite, cordate or
triangular with an acute apex and broad base, driBong, inflorescence is axillary,
panicled corymbs; capitulum is cylindrical and t¥n in diameter. It has cushion
like growth in open areas whereas in forests,atwgrmore than 20 m high and forms
a heavy covering over the tree canopy (Zhangl, 2004). The weed has a vigorous
vegetative and sexual reproductive capacity (Swaang Ramakrishnan, 1987).
Seeds are dispersed long distances by wind anplahé can grow vegetatively from
very small sections of stem and the weed rapidiypnfoa dense cover of entangled
stems bearing many leaves (Hadtnal.,1977).

Mikania micranthagrows in orchards, forests, along rivers and steea disturbed
areas, and along roadsidéd. micranthahas spread extensively in the last few
decades. Apart from the invasive characteristicthefinvasive plant itself, this has
been due to (i) a lack of natural enemies, (ii)idewange of invasive habitats, and
(ii) increased human disturbance associated vetlemt economic growth. The weed
has been creating a serious threat by suppressengrowth of native plants and
preventing the regenerations of other plants dudtstchigh dispersal ability and
adaptability to colonize in new habitat and difficto control if once established
(Siwakoti, 2007).

3.2 Study area
3.2.1 Geographic location

The study was carried out in Chitwan Annapurna lsaage (CHAL), Central Nepal.
It ranges from Chitwan National Park in the south Manaslu, Langtang and

11



Annapurna in the north. The CHAL covers 32,090°kmhich is almost 22% of

Nepal's land area in 19 districts (Arghakhanchi,I@u Palpa, Baglung, Parbat,
Myagdi, Mustang, Syangja, Kaski, Tanahun, LamjuGgrkha, Manang, Rasuwa,
Nuwakot, Dhading, Nawalparasi, Chitwan and Makwaphgé&ig. 1). The CHAL

extends from the tropical lowland Terai (200 m abmea level) to alpine high
mountains (above, 8000 m). The CHAL includes siatgrted areas; three national
parks (Langtang, Chitwan and Shivpuri-Nagarjun &adsa, and two conservation

areas (Annapurna and Manaslu).
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Figure 1: Study area: (a) Map of Nepal showing Chitwan Anmap Landscape, (b) Field visited
districts of CHAL and (c) Landuse map of CHAL
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3.2.2 Climate

Chitwan Annapurna Landscape has a variety of césaanging from cold alpine
semi-desert (in the trans- Himalayan zone of upgestang), cool and warm in
middle mountains and sub-tropical humid in the Ewds of the Siwaliks (WECS,
2011). CHAL has four distinct seasons: pre-mongddarch-May), monsoon (June-
September), post-monsoon (October-November), amdewiDecember-February).
The average reported minimum and maximum tempesitare 4.9C and 39.9C.
The mean temperature is aboveé@5n the Siwaliks, about 2C in the Middle hills,
and between @ to 20C in the high mountains. The average annual rdirdalges
from 165 mm at Lomanthang (Mustang) to 5,244 miuatle, in Kaski, which is the
highest rainfall in the country. Nearly (80%) okttotal annual precipitation occurs

during the monsoon season from June to Septemiseatidal Action, 2009).
3.2.3 Biodiversity and vegetation

The CHAL area is rich in biodiversity with sevefira and fauna. More than 3034
plant species were recorded from CHAL (Biodiverdityofile Project, 1995) and
more than 100 species were endemic to Nepal in ClHsla. The tropical forest is
mainly dominated byShorea robustaDalbergia sissopTerminalia speciesAdina
cordifolia, Lagerstroemia parviflora Bombax ceiba Albizia species, Eugenia
jambolana Anogeissus latifoliaandAcacia catechwetc. The subtropical forests were
dominated bySchima wallichiiand Castanopsis indicamixed with Cedrella toona
Alnus nepalensiandPinus roxburghii Temperate forests between 2,000 and 3,000 m
are mainly comprised of lower temperate mixed breased forests dominated by
Quercus lamellosaCastanopsis tribuloidesand species of Lauraceae; and upper
temperate broadleaved forests Qfuercus semecarpifoljaAcer species, and
Rhododendron species. Temperate conifer forests are dominatgd Pnus
wallichiana, Abies spectabilisand Tsuga dumosawith Larix himalaica forest.
Subalpine forests are mainly comprised Albies spectabilis Betula utilis and
Rhododendrorspecies. The alpine ecosystems above the treieloheéde scrub and
grasslands. Most of the alpine grasslands are lamig grazed by domestic
livestock. The alpine scrub comprises various aations of Juniperus and

Rhododendrospecies.
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3.2.4 Population

In 2011, the total human population of CHAL was @tb$.3 million and increasing at
an average annual rate of (0.41%) over the lasadie¢CBS, 2011). The average
family size was 4.21, which is lower than Nepaliemge of 4.7. Twelve of the
nineteen districts in CHAL had negative populatigrowth in the last decade:
Dhading, Nuwakot, Rasuwa, Lamjung, Gorkha, Mand@ngstang, Syangja, Parbat,
Myagdi, Gulmi, and Argakhanchi. The main reasonikely out-migration from
mountains to valleys and inner Terai in searchetfdn livelihood opportunities.

3.2.5 Landuse pattern

The CHAL has diverse land use types. Forest coterdargest portion of CHAL,
followed by agriculture, sand/bare land, snow/iaered areas, grasslands, and
alpine meadow (Table 1) (WWF, 2013).

Table 1: Areas with different landuse/landcover in 19900@2@nd 2010

Land use class 1990 2000 2010

Area Area Area Area Area Area

(ha) (%) (ha) (%) (ha) (%)
Forest 1,133,621 354 1,137,718 35.5 1,136,709 35.6
Alpine meadow/scrub 275,518 8.6 252,863 7.9 260,682 8.1
Grasslands 329,662 10.3 334,084 10.4 276,634 8.6
Agriculture 663,505 20.7 675,475,471 21.1 677,456 1.12
Snow/ice 286,467 8.9 469,907 14.7 304,150 9.5
Sand/bare soil 484,108 15.1 303,838 9.4 517,110 1 16.
Water 32,829 1.0 32,829 1.0 32,696 1.0
Total 3,205,710 100 3,206,710 100 3,205,437 100

3.3 Nature and sources of data and software
3.3.1 Primary data

The primary data was obtained by noting the GldBasitioning System (GPS)
location of sample points in the study area. Therdioates of the place where the
Mikania micranthaoccur were recorded using hand held GPS. All agtaut species
where theM. micranthagrows was recorded. Phenology of this species dsawéhat

of associated species were also recorded. Similsidpe, aspect were also noted by

using clinometer.
3.3.2 Secondary data
The distribution of invasive speciddikania micranthain the CHAL area was

intended for study by using different multispectsatellite imageries (ETM Landsat
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TM/ ETM, andWorld view 2. Landsat TM/ETM Imageries available in the arelsiv
of different specified years of study were downkaddrom the archives. Landsat 8
OLI/TIRS data was used for mappingMikania micranthafor 2018. Landsat 7 ETM
data was used for 2010 and 2000 and Landsat 5 Tiel Was used for 1990. All the
Landsat data used were of 30 m spatial resolubetailed information about Landsat
data are given in Table 2. Due to cloud cover amdtdtion of optical sensor that all
required months imageries were not available, de¢se taken from 2-3 years
interval/buffer. Aster Dem data were also freelyvdmaded from archivedWorld
view 2 imageries of resolution 2 m x 2 m of different tpaof CHAL Area were
purchased from the authentic sourc®@g¢orld view 2 imageries of Chitwan and
Nawalparasi districts were used for mapping of w@eble 2). Similarly, Toposheet
maps were collected from Department of Survey alafic data were provided by
Department of Hydrology and Meteorology.

For the Literature Review, the secondary data wetlected from different articles

about the mapping of vegetation and invasive speagewell as studied conducted on
the basis of Remote Sensing. Similarly, variouskisparticles published on national
and international journal, reports, newspapers doauments from related literature

have also been adequately consulted for relevémiation.

Table 2: Data used for mapping &ikania micranthawith source and acquisition date

Data source Year Path/row Acquisition date
Landsat 5 142/040 1992/11/15
1990 142/041 1992/11/15
143/040 1992/11/06
141/041 1992/11/08
142/040 1991/11/29
Landsat 7 2000 141/040 1999/10/27
141/041 1999/10/27
142/041 1999/12/05
143/040 1999/12/28
142/040 1999/12/05
Landsat 7 142/041 2009/10/29
2010 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
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Landsat 8 2018 141/041 2018/06/25

141/040 2018/06/25
142/040 2017/06/13
142/041 2016/06/10
143/040 2017/06/04
World view 2 (Chitwan) 2018 2018/1/22
World view 2(Nawalparas 2018 2017/12/05

3.3.3 Software used

ArcGIS 10.3 anderdas Imagine 2014 were software that Hager used for mapping
of Mikania micrantha In ArcGIS unsupervised and supervisddssification were
performed. ArcGISwas used for GIS operations and mémmation Similarly,

various variable thatvere used in knowledge-basethssificatiol (slope, aspect,
elevation,Normalizec Difference Vegetation Index (NDVIDigital Number (DN)
value, climatic data)vere calculated in ArcGIS. Accura@ssessme with field

verification pointswas done in ArcGIS. Whereas, Knowledbas: classification was
performed in ERDASmagine. General process of methodshswr in flow diagram

(Fig. 2).
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Figure 2: Flow diagram of methods in general
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3.4 Image preprocessing

All the data acquired were further subjected togenprocessing. After downloading
required data and purchase data, various imagerquegsing techniques were
applied.

3.4.1 Layer stacking and mosaicking satellite image

Layer stacking is the process of “stacking” mukipmages from the same area
together in order to form a multilayer image. Faydr stacking, ortho-rectified and
cloud-free images of the multispectral scanner (M&®l Thematic Mapper (TM)
with individual bands extracted and stacked respecbw and path spectral bands.
CHAL area (95%) is present in zone 44 of Univerbansverse Mercator (UTM)
coordinate system, World Geodetic System (WGS) 84.

Mosaicking is the process of combining multipledividual image into a single
scene. Five individual layer stacked image wereaioked into a single scene of
CHAL and required boundary was clipped from thepshide of CHAL.

3.4.2 Image enhancement

Image enhancement is the technique by which theclomtrast of satellite images is
improved to make the image more interpretable amehprove the visual impact of
remotely sensed data. It was carried out througstogiam equalization and
performed in ERDAS Imagine. The histogram equaliratechnique is a non-linear
stretch. In this method, the DN values are rediistad on the basis of their frequency.
More different gray tones are assigned to the featjy occurring DN values of the

histogram (Sowmyat al, 2017).
3.5 Normalized difference vegetation (NDVI) calcul@on

The Normalized Difference Vegetation Index (NDV$) based on the difference of

reflectance in the near-infrared and red bandsa# calculated by using the formula.
NDVI = (NIR-Red)/ (NIR + Red)

Where NIR and RED are the spectral reflectancéensensor’s near-infrared and red

bands, respectively.
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For the calculation of NDVI, first of all DN valugf Landsat image was converted to

the reflectance value. This process was operatedt@@lS.
3.5.1 Conversion of DN to radiance
For landsat TM data

The formula used in this process is as follows:
L, =([LMAX, — LMIN , ){{QCALMAX — QCALMIN))*(QCAL — QCALMIN )+ LMIN

Where:

L, is the cell value as radiance

QCAL = digital number

LMIN , = spectral radiance scales to QCALMIN

LMAX , = spectral radiance scales to QCALMAX

QCALMIN = the minimum quantized calibrated pixelwa (typically = 1)

QCALMAX = the maximum quantized calibrated pixelu& (typically = 255)

3.5.2 Conversion of radiance to ToA reflectance

p; =a*L,*d* /ESUN ;*cosé,

Where,

p,. = Unitless plantary reflectance

L,= spectral radiance (from earlier step)

d = Earth-Sun distance in astronmoical units
ESUN, = mean solar exoatmospheric irradiances

Bs = solar zenith angle
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For ETM/OLI sensor data

Reflective band DN’'s can be converted to TOA rdaHace using the rescaling
coefficients in the MTL file.The conversion was foemed using parameters
provided with the metadata file of the Landsat &ltte images and the following

formula set:
pA' = MpQcal + Ap
Where,

pA’ = TOA planetary spectral reflectance without cotian for the solar angle

(unitless)
Mp = Reflectance multiplicative scaling factor foethand
Ap = Reflectance additive scaling factor for the band

Qcal = L1 pixel value in the DN

This process does not include correction for tHarselevation angle. The following

additional formula is used to obtain the true Tefactance:

pA = pA'/Sin©sp)

Where,

pA = TOA Planetary Reflectance (unitless)

Ose = Solar Elevation Angle

After the radiometric calibration process, the Tio#ages are recorded as float data.

High NDVI values will result from the combinatiori a high reflectance in the near
infrared and lower reflectance in the red band. Megetated areas, including bare
soil, open water, snow/ ice, and most constructi@terials, will have much lower
NDVI values. NDVI was calculated and the suitabdéue ranges for the species was
found to be 0.24-0.34 based on field data colledtgthg field visit.

Along with NDVI various other variables were incorpted to knowledge-based

classification (Table 2).
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3.6 Imageries classification

After the acquisition of required satellite imagsrifrom the archives different
algorithms of classification was carried out basmu the spectral and spatial
resolution of respective imageri€Bhe high-resolution imageries provide the details
of species diversities. Based on both large spagsblution of the latest imageries
provides better spatial accuracy of the speciesimgtion. However, classification as

well as delineation process was determined by taetipal capability.
3.6.1 Unsupervised classification

Unsupervised classification is a means by whiclelgixn an image are assigned to
spectral classes without the user having forekndgédeof the existence or names of
those classes. Image processing software class#iedmage based on natural
groupings of the spectral properties of the pixefshout the user specifying how to
classify any portion of the image. Pixels are gexlibased on the reflectance
properties of pixels. These groupings are callaedastets and classification was
performed most often using clustering methods (&db and Jia, 2006). These
procedures were used to determine the number aadida of the spectral classes
into which the data falls and to determine the 8péclass of each pixel. The number
of clusters and bands to be generated were idahtifiVith this information, the

image classification tool generated clusters. Tiupervised classification technique
was commonly used when no sample sites exist. Mieihod was used as an initial

step prior to supervised classification.

In this study, unsupervised classification was qrened on ArcGIS Software. 100
clusters were given as classes for classificafldre classified image obtained from
unsupervised classification was used for calcutattd DN value. DN value was
identified in mosaicked image and then suitabless#a were reclassified based on the

classes on unsupervised classified image (Fig. 3).
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Figure 3: Reflectance curve favlilkania micrantha
3.6.2 Supervised classification

In supervised classification spectral signature defined in the training samples. It
was done with sample pixels in an image that gpeesentative of specific classes.
Then these training sites were used as referencéhéoclassification of all other
pixels in the image. Representative samples of daod cover were used for
supervised classification. Maximum likelihood ciéisation algorithm was

performed for the landuse classification. Pixelobgs to a specific class were
assigned to the class having the highest probabiRichards and Jia, 2006).
Classified image was then reclassified accordingréa that was suitable fivtikania

micrantha
3.6.3 Knowledge based classification

Essential in knowledge-based image classificatioa a&nowledge base that may
contain variables, a hierarchical tree of decisigles, and output classes of interest
(Gaoet al, 2004). The variety and number of variables stametthe knowledge base
depends on the type of knowledge considered in mggpe distribution of species.
For the mapping ofMikania micrantha the most effective variables were
incorporated so that rules formed were able tofasknowledge-based classification.

Knowledge gained from various literature and obasgowns were utilized to form
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variables. Th&nowledg« base was constructed from the sateiiitage and the DEM
data and waperformec in ERDAS Imagine 2014. Thknowledg+-based classifier
executes th&nowledgt rules created in the Knowledge Engineerdule and classify
the image and imagebtaine( from this method was binary. Allariable: used were
reclassified into dinary form that one class was suitable Kikania micranthaand

another was notsuitable (Fig. 4). All used variables inKnowledge¢ Based

Classification ispresente in Table 3 and detailed process Khowledge based
classification was iflow diagram (Fig. 4).

Table 3: Variables used for generating rules in knowledgeedaclassificatic

Rules Calculation Suitable criteria Source

Elevation Reclassifyini DEM file 60-600 m Field observation and
databas prepared from
TUCH

Aspect ReclassifyinitDEM file  All Aspect except North Field observation

Slope Reclassifyinit DEM file  1-26 Field observation

Temperature (max) DHM data 24°C-34°C Average analysis

Temperature (min) DHM data 17°C-24°C Average analysis

Precipitation DHM 500-3000 mm Field observation

NDVI (NIR - Red)/ 0.24-0.34 NCAR, 2018

(NIR + Red)
Landuse Supervise classification Degraded forest, Field observation

Spectral value
(Digital Number-DN)

Banc 5 isoclustering

Dense forest, Agriculture
72-82

Fron coordinates

(

rI\'nowlﬁdge Engineer ]

Variables

|

Eleva-
tion

Aspect Slope Landuse | [ Temp
max

Temp

Rainfall
min

o~

Suitable=2

NDVI Band 5
isocluster

Unsuitable=1

Knowledge classifier

— Post classitication
[ Classified uuagc] . .
field verification
/ \

(Social survey ] [Kappa analysis ]

: L

{Final image } !

Figure 4: Flowcharts of method used in knowledge based ¢ieatson
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3.7 Accuracy assessment

Accuracy assessment was performed by comparingntap created by remote
sensing analysis to a reference map based onearatiffinformation source such as
GPS coordinates. Accuracy assessment was ablerrot gpiantitative comparisons
of different interpretations. Classifications dofiem images acquired at different
times, classified by different procedures, or pmtl by different individuals were

evaluated using a pixel-by-pixel, point-by-pointggarison (Congalton, 1991).

Verification of sample points with field visits was integral part of this study. First
of all, the sample points of two categories of bjnanage that are presence point and
absence point d¥likania micranthawere identified. The set of data was distributed t
an internal expert for more careful visual intetpatiens. The outcomes from those
independent visual interpretations of the same &arppints were arranged as a
confusion matrix/error matrix (Table 4) and the me consistency of the
interpretation was calculated. In this study altofa200 presence points and 200
absence points dflikania micranthawere collected and used for field verification in
total area of CHAL in Landsat imageries. Likewige patch of Chitwan district of
World view 2, 100 presence and 100 absence poiet® wsed and in patch of
Nawalparasi district of World view 2 were used. Be¢ of data was distributed to an

internal expert for more careful visual interpretas.

Overall accuracy was calculated by dividing thaltetumber of correctly classified
pixels (i.e., the sum of the elements along theomdiagonal) by the total number of
reference pixelsin error matrix, all nondiagonal elements of thetnrarepresent
errors of omission or commission. Omission errarsaspond to nondiagonal column
elements and commission errors are representedigiagonal row elements. The
accuracies of individual in each category was dated by either the total number of
pixels in the corresponding row or column. Simyaproducer and user accuracy of
both presence and absence cladglidbnia micranthawere calculated from the error

matrix.

Producer Accuracy was calculated by dividing thenber of correctly classified
pixels in each category (on the major diagonal)th®y number of reference pixels
known to be of that category (the column total)isThalue represents how well
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reference pixels of the ground cover type are iflads Users accuracy was
calculated by dividing the number of correctly sifisd pixels in each category by
the total number of pixels that were classifiedhat category (the row total) (Table
4). This accuracy represents the probability thapixel classified into a given

category actually represents that category on rtbengl.

Table 4: Error matrix table for accuracy assessment

Reference data

Classified data Presence Absence Row total User acacy

Presence
Absence
Column total

Producer acccuracy

Overall accuracy = correctly classified pixels/tota. of pixel

Producer’s accuracy = No. of correctly classifindeference data/ total no. actually in referenatad

(the column total)

User's accuracy = No. of correctly classified irference datatotal number of pixels that were

classified in that category (the row total)

The kappa statistic was used to control only thios¢ances that may have been
correctly classified by chance. This can be catedlaising both the observed (total)
accuracy and the random accuracy. The formulaedimulation of kappa coefficient

is given below:

Kappa coefficient = (n * SUM Xii) - SUM (Xi+ * X+ihn2 - SUM (Xi+ * X+i)
Where,

SUM = sum across all rows in matrix

Xii = diagonal

Xi+ = marginal row total (row i)

X+ = marginal column total (column i)

n = number of observations
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The value of Kappa Coefficient reflects the how umate the produced map.

Interpretation of Kappa Coefficient was given irbleab.

Table 5: Value range of kappa coefficient and its intergtien

Values Interpretation

Smaller than 0.00 Poor agreement

0.00t0 0.20 Slight agreement
0.21t00.41 Fair agreement

0.41 to 0.60 Moderate agreement
0.611t0 0.80 Substantial agreement
0.81to0 1.00 Almost perfect agreement

26



4. RESULTS

4.1 Current status of distribution of Mikania micrantha

The results from this study show the current stastisdistribution of Mikania
micranthain Chitwan Annapurna Landscape Ard&. micranthacovers 435.86 kfm
which is equivalent to 1.39% of total area of CHAChitwan, Nawlparasi,
Makwanpur, Dhading, and Gorkha districts of CHALrev@vaded by. micrantha.

It has been proliferated rapidly in forest treassglands and wetland areas. Invasion
by M. micranthahas been found along the roadside, open fallow, lErdst canopy
and grassland of CHAL. With the use of differentatle variables from observations
as well as secondary data (elevation, slope, aspx¥|l from reflectance rainfall
maximum temperature and minimum temperature) restubw the distribution of
invasive weed in CHAL (Fig. 5).
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Figure 5: Distribution ofMikania micranthain CHAL in 2018
4.2 Trend of invasion byMikania micrantha since 1990

Results show 31.29 sq km (0.1%) of total area ofACHvas covered byM.
micranthain 1990. Similarly, 59.07 sq km (0.19%) and 208s%6pkm. (0.65%) of
total area of CHAL was covered bj. micranthain 2000 and 2008 respectively. This
shows the increasing trend of invasion since 1899P018 (Fig. 6). Area covered by
M. micranthawas increased from 31.29 sq km to 435.86 sq km 1880 to 2018.
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Tanahau, Kaski, Gorkha were new districts that wevaded in 2018. Distribution
maps show that invasion extended from lower belv ¢levation) to upper belt (high

elevation).
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Figure 6: Trend line showing the invasion b. micrantha
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Figure 7: Distribution ofMikania micranthain CHAL in 1990
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Figure 9: Distribution ofMikania micranthain CHAL in 2008
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4.3 Distribution of Mikania micranthain Landsat and World view 2 Data

4.3.1 Distribution of Mikania micranthain Chitwan

In Chitwan district, small portion (42.764% sq kof)Landsat data shows 3.34% of
total area invaded by. micranthain 2018 (Fig. 10a). Likewise, 2 m x 2 m spatial
resolution of World view satellite data of sameaastiows 2.10% of total area was
invaded by this weed (Fig. 10b). In the field olsd¢ion, it was highly dominated at

the Rampur area and map also shows the distribigibrgh in Rampur area. In the

distributed area it was mainly found along the reate, edges of agricultural land,
fallow land and grassland.

Distribution of Mikania micrantha in 2018 ‘* Distribution of Mikania micrantha in 2018
22 ! [ =1 !
5 it e
T »\""'Afv \\ A (T ! 5'
W x. .3 W 4 A
\l L \ £ i 1 £
\ . \ \ ) \\
\ a \ 5
{ | | - E
1 | A
\ | | \
| il & \ A
\ \ \ |
| |
\I\ \ Y ‘.I
‘s | \
{ | |
\ | | |
| \ \
| ¥ |
\ | |
| | \
| \. \
| \
g i | )
Ly O - ) \ & =
\ M@;gﬂ
| ;',"i-»' - Legend Legend
Do4s08 18 27 38 -nr:*..(, L& H 004509 18 27 36 -:“a i
(@)

(b)
Figure 10: Distribution of Mikania micranthain Chitwan in 2018 (a) Landsat data and (b) World
view 2 data

4.3.2 Distribution of Mikania micranthain Nawalparasi

In Nawalparasi district, small portion (30 sq knilL.andsat data that cover Dumkibas
area shows 4.46% of total area invadedvbynicranthain 2018 (Fig. 11a). Likewise,

2 m x 2 m spatial resolution of World view satellidata of same area shows 3.66% of
total area was invaded by this weed (Fig. 11b)wdis highly dominated at the

highway area of Hongshi Gate to Dumkibas areahdndistributed area it was mainly
found along the road side.
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Figure 11: Distribution ofMikania micranthain Nawalparasi in (a) 2018 in Landsat data and2(1)8

in World view 2 data

The portion that covers the highway area from Rmaggar to Rajahar of Nawalparasi
(44.22 sq km) district shows the infestationNdbymicranthain 2018 and 2008 in both
Landat and World view 2 data. Map shows 3.94% oéltarea invaded by.
micranthain 2018 (Fig. 12) in Landsat data and 2.27% in \Worlew 2 data.
Similarly, in World view 2 data of 2 x 2 data of (&) 1.23% of total area was
invaded and 1.38% area was invaded by weed in bardiga in 2008. Weed was
mainly distributed along the highway, fallow lanadegrassland.
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Figure 12: Distribution ofMikania micranthain Pragatinagar of Nawalparasi in (a) 2018 in Lsatd
data, (b) World view 2 data in 2018 and (c) Landkst in 2008 and (d) World view 2 data in 2008

4.3.3 Distribution of Mikania micranthain Chitwan-Tanahu (Muglin)

In map that connects Chitwan and Tanahau dissiogll portion (39.85 sq km) of
Landsat data shows 1.67% of total area invadet¥bgnicranthain 2018 (Fig. 13).
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Similarly, 0.9% of total area was covered in 20a8Norld view data of 2 nx 2 m
spatial resolution. In 2008, 1.02% of total aress wavaded in landsat data and in
World view 2 data of 2008 0.57% of total area wagaded. Weed was mainly

distributed along the highway, fallow land and gtasd.
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Figure 13: Distribution of Mikania micranthain
(b) World view 2 data in 2018 and (c) Landsat data008 and (d) World view 2 data in 2008
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4.3.4 Distribution of Mikania micranthain Chitwan-Makwanpur

In map that connects Chitwan and Makwanpur distsictall portion (107.2 sq km) of
Landsat data shows 2.31% of total area invadet¥bgnicranthain 2018 (Fig. 14).

Similarly, 1.26% of total area was covered in 20i8Vorld view data of 2 m x 2 m
spatial resolution. Weed was mainly distributedngldéhe highway. fallow land and

grassland.
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Figure 14: Distribution of Mikania micranthain Chitwan-Makwanpur in (a) Landsat data, (b) Wilorl

view 2 data
4.3.5 Distribution of Mikania micranthain Makwanpur (Hetauda)

Distribution map of Makwanpur district, small pani (54 sq km) of Landsat data that
cover Hetauda shows 3.31% of total area invadeld.ayicranthain 2018. Similarly,
2.79% of total area was covered in 2018 World vizwata. Similarly, in 2008 in
Landsat data 2.04% area was invaded by this wegtha2008 in World view data of
2 m x 2 m spatial resolution 1.73% area was covaiéekd was mainly distributed
along the roadside, fallow land and grassland.
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Figure 15: Distribution of Mikania micranthain Chitwan-Makwanpur in (a) 2018 in Landsat data,
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4.4 Comparison of area of distribution in Landsat ad World view 2 data

The distribution ofMikania micranthain different small patches of various localities
were compared in between Landsat data and World digta for 2018 and 2008

(Table 5). All the small patches have higher disttion in Landsat data in both year
2018 and 2008. Highest distribution was found inniBibas area of Nawalparasi
district in both Landsat (4.46%) and World view 296%) data in 2018. Lowest
distribution was found in Muglin area in both Laati$1.03%) and World view 2

(0.9%) in 2018. Likewise, in 2008 Hetauda showsdstribution and Muglin shows

low distribution of both data (Table 6).

Table 6: Comparison of area covered Mikania micranthain different AOI in World view 2 and

Landsat satellite imageries in 2018 and 2008

District Location Total area Area covered in 2018 Area covered in 2008
(A0l) (sg km)
World view 2 Landsat Difference World view 2 Landsa Difference

Sq % Sqg % Sq % Sq % Sqg % Sq %

km km km km km km
Chitwan Rampur 42.764 0.89 2.10 1.334 0.54 60.67
Nawalparasi Dumkibas 30 1.1 3.66 1.346 0.24 21.82
Nawalparasi Rajahar 44.22 1.004 2.27 1384 0.736 73.30 0.544 1.23 0.611.38 0.066 12.19
Chitwan, Tanahu Muglin 39.85 0.36 0.9 0.4103 0.05 13.89 0.23 0.57 0.411.02 0.18 78.26
Makwanpur Manahari 107.2 135 126 2281 1.13 83.7
Makwanpur Hetauda 54 1.78 279 2.8B1 0.83 047 0.93 1.73 1.10.04 0.17 18.27

4.5 Accuracy assessment

The accuracy of both Landsat and World view 2 Bwebata M. micrantha
distributions was validated through field obsemas at different localities of
classified map. Then the error matrix was creat@set on the ground truth points.
The overall accuracy was varied betwdEh75% to 82.5%. The kappa coefficient

was ranged from 0.34 to 0.65.

4.5.1 Accuracy assessment of CHAL

Overall accuracy of distribution map bfikania micranthain CHAL is 69.5. Kappa

coefficient is found to be 0.39 and the error nxatvas shown in Table 7.
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Table 7: Error matrix for CHAL

Classified data Reference data
Presence Absence Row total User accuracy (%)
Presence 97 103 200 48.5
Absence 19 181 200 90.5
Column total 116 284
Producer acccuracy (%) 83.62 63.73
Overall accuracy (%) 69.5
Kappa coefficient 0.39

4.5.2 Accuracy assesment of small area of intrest lbandsat and World view 2

The overall accuracy of Landsat data varied betw&®i@5% and 76% and kappa
indices between 0.34 and 0.52. The highest ovacallracy was achieved in Rampur
of Chitwan district where as lowest was achieveManahari of Makwanpur district.
The overall accuracy for the WV2 varied betweeraii@ 82.5% and kappa indices of
0.49 and 0.65. The highest overall accuracy wageaetl in Hetauda of Makwanpur
district where as lowest was achieved in Muglingtritit. If we compare the accuracy
of the satellite data used, the accuracy is highdre WV2 image than in the Landsat
image. The higher accuracy was observed in imadpmgbf resolution since it is more
precise for species level identification than loesolution imageries. Values of
Producer Accuracy were higher compared to User vaoguin most of the classified

imageries in both landsat and World view 2 image(fnnex 4).

Table 8: Comparison of accuracy between Landsat and Waeld 2 imageries of 2018

District Location World view 2 imageries Landsat mages

Overall accuracy (%) Kappa Overall accuracy (%) Kappa

Chitwan Rampur 81 0.53 76 0.34
Muglin 75 0.5 71.67 0.43

Makwanpur  Manahari 79 0.58 68.75 0.37
Hetauda 825 0.65 69 0.38

Nawalparasi  Pragatinagar 81.25 0.62 73.75 0.52
Dhumkibas 79 0.49 73 0.46
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5. DISCUSSION

In CHAL, Mikania micranthawas found distributed in tropical part of Chitwan,
Makwanpur, Nawalparasi, Dhading and GorkNa. micranthais native to tropical
region of world (Wang2008) and until now, it is confined to this regibawever,
northward movement of the species was expectechisstha (2016) cannot be ruled
out. In present study its invasive pathway was chéiem South west to north eastern
side. M. micranthahas spread extensively in the last few decadestApanm the
invasive characteristics of the invasive plantlifgbis has been due to (i) a lack of
natural enemies, (ii) a wide range of habitats, @mdincreased human disturbance
associated with recent economic growth.

Landsat satellite imageries were used for mapgegitstribution oM. micranthain
temporal time series.Distribution d. micranthawas increasing since 1990. Results
show 31.29 sq km (0.1%) of total area of CHAL waseared byM. micranthain
1990. Similarly, 59.07 sq km (0.19%) and 208.6B5%)% of total area of CHAL was
covered byM. micranthain 2000 and 2008 respectively. Currently, in 20d8asion
increased up to 1.39%, i.e., 435.86 sq km in &tah of CHAL.

Since, it was introduced from eastern tropical paftlepal, it was highly confined to
the tropical part of CHAL. Roads are the major patyrs of invasion, roads not only
provide suitable conditions for the establishmemd growth of exotic species, but
also act as effective corridors for the spreadliehgplant species. The significantly
greater occurrence of invasive species along rdgdsethan in the forest interior may
result from various forms of human disturban®ikania micranthashows a strong
invasiveness and can rapidly form dense seedlingulpbions and aggressive
colonies. Once established, this species smothersliaplaces the native vegetation.

Invasive Alien Plant species often competitivelxlede native plant species due to
high rates of vegetative and sexual reproductiagh lseed viability and longevity,

and tolerance of extreme edaphic and micro envissriah conditions (Barrilleaux

and Grace, 2000). Invasive species may also affeasystem structure by altering
soil properties (e.g., allelopathy, nutrient dyneshior rapidly sequestering limited
resources (Lundgreet al.,2004). For example, soils of some grassland ecas\gst

dominated by invasive species have been found ve kaver organic matter and
available nitrogen than areas of predominantlyveaplant species (Olson, 1999). All
these facts result in increasing trend of distrdoubf M. micranthain the study area.
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The timing of data acquisition is crucial for Ree@ensing analysis (Everdt al,
2001), since the data may only be useful if thgeted alien plant is distinct from its
background and neighboring areas. Distinct flongrmolors ofMikania micrantha
afforded an even wider window of opportunity foami detection, and increased the
possibility of monitoring the invasion through timesing multiple photographs.
Studies have demonstrated that it may be possibieonhitor vegetation dynamics by
using vegetation index time-series data (Justiad, 1985). A vegetation index, such
as the commonly used the Normalized Difference Yagm Index (NDVI),
enhances the signal of photosynthetically activgetation with a combination of

visible and near-infrared spectral bands (TuckerSellers, 1986).

The distribution map resulted from two differenteslite imageries, i.e., Landsat and
World view 2 images of different locations showéfedint distribution. All Landat
imageries had higher distribution than World viewril the results were more precise
in World view images. Like the results of this studabaet al (2008) applied a
maximume-likelihood classification on QuickBird, aher multi-spectral satellite
system (DigitalGlobe, Longmont, Colorado, USA) weten finer spatial resolution
(2.4 m), to estimate the presence of multiple almants [ythrum salicaria,
Phragmites australiandTrapa natanyin diverse tidal wetlands of the Hudson River
National Estuarine Research Reserve, USA. They dstraied that QuickBird was a
relatively reliable data source for wetland noninmatplant mapping. Similarly,
successful remote detection of invasive speciesdbban the use of Landsat imagery
to identify presence of cheatgraddrdmus tectorumin the Great Basin, USA
(Peterson, 2005; Bradley and Mustard, 20Q%)derwoodet al. (2003) were able to
use airborne visible/infrared imaging spectromd#®¥IRIS) imagery with 4 m
resolution to detect iceplantérpobrotus edulisand jubata gras€rtaderia jubata

in Mediterranean-type ecosystems of California beseasuch invasive species
showed higher leaf water content than native canototy speciesSpecific remote
sensors and analytical methods used in trackingsine species vary widely,
depending on the geographical scale of interestwifts spatial resolution, enhanced
spectral and radiometric resolutions may also badwrantage in the detection and
mapping of invasive plants (Underwood, 200B)e availability of new, fine-spatial
resolution satellite imagery from can greatly adeardetecting and mapping of

invasive plant populations since, unlike Landsathd&hited Thematic Mapper +
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(ETM+) imagery, they allow detection of individuaée crowns (Asner and Warner,
2003)

Accuracy Assessment was done for both Landsat aladaWorld view 2 data by
creating error matrix table. Overall accuracy, joer accuracy, user accuracy and
kappa coefficient reflect the accuracy of clasdifilmap as compared to the field
observation and datdhe overall accuracy of Landsat data varied batw&f75%
and 76% and kappa indices between0.37 and G&6World view 2 data, overall
classification accuracy ranged from 79%-82.%%curacy of World view 2 imageries
of 2 m x 2 m shows higher accuracy and have higbpkacoefficient than Landsat
imageries. On the basis of Kappa value the imagssification was fair for most of
landsat images (value ranging from 0.2-0.4), fgitdl globe the image classification
was moderate (0.4-0.6) and substantial (0.6-@&Ya with high spatial resolution

were more effective for the delineationMf micrantha.

Like in this study, Domacx and Suzen (2006) in A&reanos Mountains region of
southern-central Turkey used knowledge-based @lEdsons in which they
combined Landsat TM images with environmental \deis and forest management
maps to produce regional scale vegetation maps; Wieee able to produce an overall
high accuracy when compared with the traditionakimam likelihood classification
method. Another example for improving classificatiaccuracy by incorporating
vegetation-related environmental variables usin§ @ith remotely sensed data was
the work of that of Yang (2007) at Hunter RegiorAmstralia. He used digital aerial
photographs, SPOT-4, and Landsat-7 ETM+ images riparian vegetation
delineation and mapping. The overall vegetatiossifecation accuracy was 81% for
digital aerial photography, 63% for SPOT-4, and 58%d_andsat-7 ETM+.

High-spatial-resolution imageries resulted subshnimprovement in Kappa
coefficient, similar to the results of earlier sesl which relied on airborne
hyperspectral data (Anderson, 2005). In the usdygferion, TM5 and QB data for
tamarisk mapping, 88%, 80% and 91% of referenceslpixrespectively, were
classified correctly Multispectral data at high tgaresolution (QB, 2.5 m Ground
Spatial Distance or GSD) proved more effectiveamarisk delineation than either
multispectral (TM5) or hyperspectral (Hyperion) alat moderate spatial resolution
(30 m GSD) (Cartert al, 2009). The combination of high spectral and spatial
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resolutions previously enabled high-accuracy mappmhtamarisk in the Southern
California (Hamadaet al, 2007) with high overall agreement (70 to 95%)hwiite
reference data generally had more false detectidht 30%).

Values of Producer Accuracy were usually higher parad to User Accuracy.
Although the UA (expressing the commission erragres important for natural
protection applications, the PA (omission error)ingortant for efficient control
measures because it reflects the error of omitifrgpme plants that can later serve as
a source of diaspores (Mullerow al., 2013). An acceptable level of accuracy
depends on the map purpose; it should be maximikatie goal is to locate
infestation hotspots, but can be lower if all pbksiocations of the invasive species
are to be addressed (Hamadal, 2007).
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6. CONCLUSION AND RECOMMENDATION

6.1 Conclusion

The study used multispectral satellite imageriesigh spatial resolution of World
view 2 and low spatial resolution of Landsat Ddasults show that invasion of
Mikania micranthaincreased in the last 20 years from past to ptedate. M.
micranthabecomes a threat to native biodiversity and it lbesn highly invaded in
tropical part of CHAL especially in Makwanpur, Gh#&n and Nawalparasi. Large
area of CHAL was invaded in a short period of tiem& the unique phenological,
spectral, and structural characteristicdvbf micranthawere analysed to distinguish
from non-target species. Forest edge, riparian tadige, afforested land and
grassland with sparse trees aubs are being degraded due to high invasioheof t
weed. The weed was found invading towards nortlagch western side in CHAL.
Remote sensing is an important tool for mappingneésive species, that helps in
early detection of invasive weed that provide agopportunity to develop predictive
models for invasion risk analysis. World view 2 geaes produced much better and
accurate distribution maps than Landsat. Landsagaries showed 20 to 50% more
coverage of Mikania micrantha than World view 2yergheless, Landsat imageries
can also be used to note the distribution pattérwerd as it is freely available in

archive and World view 2 images are very expensive.
6.2 Recommendations
Based on the results and past studies | would rewnd the following points:

. Landsat imageries can also be used to determingligebution of invasive
alien plant species.

. The invasive weed is moving towards north-west diiom, hence the
government should make plan and programme to dkegkvasion in new area.

. The satellite population @fl. micranthahas been found in northern and western
part of CHAL. There satellite populations, if ereatied at its earlier stage will

minimize the spread of this weed in new areas.
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ANNEXES

Annex 1: Data sheet

Checklist Remarks
Locality:
Management- 1 = Chemical, 2 = Physical, 3 = Bialagi4 = No management, 5 = Other

Magnitude - 1 = Low, 2 = Moderate, 3 = Dense, 4istinhvaded, 5 = Absent

SN Latitude Longitude Elevation Aspect Slope Species Associated Landuse Magnitude Management
species
Mikania
micrantha

Annex 2: Annual rainfall and temperature data

Station Station name District Latitude Longitude Annual Rainfall Tmax Tmin
ID (mm) (°C) (°C)
(1970-2016)  (1970-2016) (1970-2016)
715 Khanchikot Arghakhachi 27.93333 83.15 1595.88 22.32 15.20
605 Baglung Baglung 28.26667 83.6 1705.26 29.89 18.57
927 Bharatpur Chitawan 27.666684.43333 1896.56 33.16 22.49
902 Rampur Chitawan 27.6166784.41667 1868.95 32.74 21.85
809 Gorkha Gorkha 28 84.61667 1514.29 28.40 18.82
806 Larke Samdo Gorkha 28.6666B4.61667 600.43 28.56 18.57
725 Tamghas Gulmi 28.06667 83.25 1719.81 24.85 15.73
814 Lumle Kaski 28.3 83.8 5122.36 22.17 14.90
811 Malepatan (Pokhara) Kaski 28.116684.11667 3474.70 29.00 18.30
804  Pokhara Airport Kaski 28.21667 84 3606.14 28.67 18.80
866 Pokhara Reg. Off. Kaski 28.2166B3.98333 2651.04 29.47 19.79
802 Khudi Bazar Lamjung 28.2833384.36667 3000.31 28.89 18.24
905 Daman Makwanpur 27.6 85.08333 1518.94 20.65 3511.
906 Hetaunda N.F.l. Makwanpur 27.41667 85.05 2216.22 31.05 20.48
816 Chame Manang 28.55 84.23333 677.52 19.32 7.72
633 Chhoser Mustang 29.1833383.98333 160.77 18.27 4.67
623 Dhiee Mustang 29.1 84 76.72 20.64 7.84
601 Jomsom Mustang 28.78338B3.71667 186.78 20.46 9.30
607 Lete Mustang 28.63333 83.6 986.58 19.07 9.87
612 Mustang (Lomangthang) Mustang 29.1833.96667 111.23 16.59 4.01
604 Thakmarpha Mustang 28.75 83.7 296.81 19.52 8.87
609 Beni Bazar Myagdi 28.35  83.56667 1390.91 30.48 18.71
616 Gurja Khani Myagdi 28.6 83.21667 1583.39 20.00 8.52
706  Dumkauli Nawalparasi 27.683334.21667 2214.45 32.82 22.86
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708
728
1007
1004
1057
702
614
1055
1001
805
810
832
808
817
815
303
310
409
416
420
716
918
1009
1016
1027
1030
1039

Parasi

Semari

Kakani

Nuwakot
Pansayakhola
Tansen

Kushma

Dhunche

Timure

Syangja

Chapkot
Dandaswara
Bandipur

Damauli

Khairini Tar

Jumla

Dipal Gaun
Khajura (Nepalganj)
Nepalgunj (Reg.Off.)
Nepalgunj Airport
Taulihawa

Birganj

Chautara
Sarmathang
Bahrabise
Kathmandu Airport

Panipokhari (Kathmandu)

Nawalparasi
Nawalparasi
Nuwakot
Nuwakot
Nuwakot
Palpa
Parbat
Rasuwa
Rasuwa
Syangia
Syangja
Syangja
Tanahun
Tanahun
Tanahun
Jumla
Jumla
Banke
Banke
Banke
Kapilbastu
Parsa
Sindhupalchok
Sindhupalchok
Sindhupalchok
Kathmandu

Kathmandu

27.533383.66667
27.53333 83.75
27.8 85.25
27.9166785.16667
28.016685.11667
27.866683.53333
28.21667 83.7
28.1 85.3
28.2833385.38333
28.1 83.88333
27.8833383.81667
28.083383.91667
27.9333384.41667
27.9666784.28333
28.03333 84.1
27.2833382.16667
26.2666783.21667
26.1 81.78333
28.0666B1.61667
28.1 81.66667
27.55 83.06667
27 84.86667
27.783385.71667
27.95 85.6
27.78333 85.9
21.7 85.36667

27.73385.33333
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Annex 3: Landuse classified map
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Annex 4: Error matrix

District Location  Class

Producer's

World View 2 Imageries

User Commission Omission Producer's User Commission Omission
error

error

Ladsat Images

error

error

Dhading MahadevbesPresence  77.4
Absence  87.9

Majimtar ~ Presence 72

Absence 86

Tanahun Dhulegauda Presence 91
Absence 833

Chitwan Rampur Presence 77.4

Absence 87
Makwanpur  Hetauda Presence 91.1
Absence 83
Nawalparasi Devchuli ~ Presence 92
Absence 74

Dhumkibas  Presence 88.6
Absence  80.3

87.2
78.4
83
75
84.6
90.9
87.2
78.4
82
92
82.2
83
78
90

0.12
0.21
0.28
0.24
0.15
0.09
0.12
012
0.18
0.08
0.26
0.23
022
01

0.22
0.12
0.16
0.16
0.08
0.16
0.22
0.21
0.08
0.16
0.08
0.08
0.11
0.19

85
65
75
61
84.2
66.6
68
78
77.08
75
70.8
84.6
87.1
3.7

54
89.6
48
84
69.2
82.3
75
712
74
78
80.9
75.8
68
90

0.45
0.35
0.52
0.38
03
0.17
0.24
0.31
0.26
0.25
0.19
0.24
0.32
01

0.15
01
0.25
0.16
0.15
0.33
0.28
0.21
0.22
0.22
02
0.15
0.12
0.26
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Annex 5: Photo Plates

Moderate patch dfl. micranthaat micrantha
Marsyangdi hydropower

Moderate patch dfl. micrantha Low patch ofM. micranthaat at Manahari
Makwanpur Rajahar, Nawalparasi

Dense patch at road side in Pokhara Dense patch at damp side Rampur, Chitwan
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Group discussion

Poster presentation at International Youth Oral presentation at National Conference on
Conference on Science, Technology andintegrating Biological Resources for Prosperity
Innovation organized by NAST
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