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Abstract

Invasive alien plant species (IAPs) are species that are introduced to an area outside its
natural range mostly by human activities, and then spread aggressively, causing ecological
and/or economic harm. IAPs threat biodiversity through the degradation of habitats and
ecosystems. IAPs poses a risk of deteriorating natural ecosystems and often accelerated by
human-induced disturbances. Among [APs, Acacia auriculiformis C. Cunn. ex Benth., is
widespread throughout Bhawal National Park (50.2 km?) in Bangladesh, a protected area
recognized for its high biodiversity. A. auriculiformis is an evergreen species, whereas the
native species, particularly the dominant tree, Shorea robusta Gaertner f, are deciduous.

Detecting the distribution characteristics of invasive species is prerequisite for
controlling biological invasion. To detect the distribution, firstly, I investigated the effects
of disturbances and biological invasion on tropical moist deciduous forests, using satellite
imagery and machine learning. The invasive species were detected by seasonal variations
of vegetation indices (VIs) using multispectral image classification. Using Sentinel-2A data
(10 m resolution) across four seasons (winter, summer, monsoon, and autumn) in 2022 and
2023, six common VIs were calculated: normalized difference VI (NDVI), enhanced VI
(EVI), green chlorophyll index (GCI), green-red VI (GRVI), soil-adjusted VI (SAVI), and
atmospherically resistant VI (ARVI). The results indicated that NDVI, GRVI and GCI in
winter were effective for extracting A. auriculiformis, while ARVI, NDVI and GCI were
effective in summer. All VIs for each season were used along with a composited multi-
season image to map A. auriculiformis. Field observations from 2022 were used to train
and validate the classification. The binary and multi-class classification with Random
Forest (RF) applied to multi-season imagery achieved an overall accuracy (OA) of 71.1%
with a kappa coefficient (k) of 0.59 and 76.8% with « of 0.71. The integration of VIs and
elevation (DEM, 12.5 m resolution) into the RF classification improved performance,
yielding an OA of 90% (x = 0.88) in winter and 83% (k = 0.80) in multi-season. The
variations in VIs between invasive and native vegetation suggested that integrating multiple
VIs with phenology and topography enhanced the efficiency of invasive species detection,
particularly when the invasive species exhibited distinct phenological patterns and
elevation preferences to native vegetation, offering broader understanding of invasive
species dynamics and their biological interaction with native vegetation.

Phenological differences derived from multispectral remotely sensed (RS) data were

analyzed to map the invasive species distribution. The temporal profiles of three VIs: NDVI,
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GRVI and ARVI were used to examine the spectral response of invasive A. auriculiformis,
dominant native S. robusta forest and Mixed vegetation using Sentinel-2A images from
2022 to 2023. Analysis of temporal VI profiles identified two distinct phenological periods:
senescence and green, characterizing plant phenological patterns. VIs from each
phenological period were processed by the median composite method in Google Earth
Engine. Phenological spectral features-based VIs were derived from these composited
datasets and subsequently used to generate a new feature image encapsulating spectral
characteristics from both the green and senescence periods. This facilitated comprehensive
spectral differentiation of 4. auriculiformis from native vegetation. Images generated by
phenological spectral features-based VIs were incorporated into three classification
algorithms: RF, Support Vector Machine (SVM) and Classification and Regression Tree
(CART) to compare classification. The classifications were trained and validated using
ground truth data from field observations in 2022. Among the classifiers, RF showed the
highest OA of 87% (k = 0.83). The results indicated that composited image incorporating
phenological spectral features enhances spectral separability of invasive species from
coexisting vegetation. By capturing spectral reflectance variations, this approach improved
accuracy of classification. The phenological spectral features-based VIs provides a clear
idea of spectral separability among species in ecosystem. The findings highlighted the
efficiency of phenological spectral features into species detection, support forest
conservation efforts and control invasive species.

MaxEnt was used in conjunction with RS data, environmental parameters and human-
influenced variables to identify factors shaping the distribution of A. auriculiformis. The
incorporation of spectral variables as factors improved model accuracy, with MaxEnt
achieving an area under the curve (AUC) of 0.936, indicating an expansion in the potential
distribution range of the species. The jackknife test showed that human-influenced factors,
distance from settlement (31.3%), population density (17.2%) and distance from road
(5.7%) were contributors to predicting the distribution range. NDVI in winter played a key
role in detecting the presence of A. auriculiformis, contributing 24.3%. Additional factors
influencing its spread included precipitation (5.3%) and soil nitrogen (6.2%). The human-
induced disturbance factor, distance from settlement was evaluated as the most significant
factor in terms of percent contribution (36.4%), permutation contribution (31.3%) and
larger drop on training gain. An area of 3.6 km? was identified as having high suitability
for A. auriculiformis distribution, indicated the risk zone. Human-induced disturbances

were found in accelerating the spread of invasive species. Moreover, integrating RS data
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into MaxEnt model facilitates the development of proactive management strategies to
detect early stages of invasion.

This study presents an approach by integrating seasonal RS data, VIs and topography
to detect A. auriculiformis. The phenological patterns and MaxEnt model revealed key
environmental factors that affected ecological traits, suitable habitats and high-risk invasion
zones. The link between human disturbances and spread was evident from distribution
patterns showing higher 4. auriculiformis presence in areas with intense human activity.
This method offers generality in detecting invasive species and understanding invasion
dynamics across ecosystems and supports strategies for biodiversity conservation and

sustainable forest management with a global perspective.



General Introduction

Invasive alien plant species (IAPs) pose a global threat to biodiversity by causing habitat
and ecosystem degradation (PySek et al., 2012). IAPs impact native ecosystems by
outcompeting the native species (Simberloff, 2000), leading to their extinction (Duefias et
al., 2021). TAPs, registered in [IUCN Red List, contribute 25% of plant extinctions (Rai,
2022). Plantation is one of the ways to restore biodiversity in degraded areas. For plantation,
fast-growing and wide-adaptive species are often selected because these species show high
productivity and economic benefits. Such species are often exotic and therefore, exotic
species become biologically invasive and often invade disturbed habitats (Dodet and Collet,
2012). The invasive behavior of IAPs depends on both species traits and environmental
factors, with disturbances, such as land use changes, especially forestry and accessibility
practices that disrupt soil often increasing further spread (Cesar et al., 2017). Disturbance,
a natural or human-induced disruption of ecosystems, often facilitates invasion by fast-
growing plantation tree species (Dodet and Collet, 2012). Nowadays, Acacia auriculiformis
C. Cunn. Ex Benth., an evergreen fabaceous species, native in Australia becomes common
in Bhawal National Park (50.2 km?), Bangladesh, originating from plantation (Foster-
Turley et al., 2016; Rangra et al., 2019). The perception and management of Acacias are
different in the respective regions, depending on management practices influenced by
environments and disturbances (Richardson et al., 2011). To manage A. auriculiformis, the
first step of an effective management strategy is that A. auriculiformis should be detected
and mapped.

Remote sensing (RS) is effective to map, detect and monitor invasive plants across
large regions (Nandasena et al., 2023). Plants with unique spectral, textural and
phenological characteristics are suitable for RS applications (Bradley, 2014). Vegetation
indices (VIs), driven by photosynthetic activity, capture leaf phenology, enabling the
distinction between evergreen and deciduous forests during defoliation period (Grabska et
al., 2020; Melaas et al., 2016). I applied normalized difference vegetation index (NDVI)
(Tucker, 1979), enhanced vegetation index (EVI) and soil-adjusted vegetation index (SAVI)
(Zeng et al., 2022) , green-red vegetation index (GRVI) (Shishir et al., 2020), green
chlorophyll index (GCI) (Nadjla et al., 2022), and atmospherically resistant vegetation
index (ARVI) (Xue and Su, 2017) to detect invasive species from the native vegetation. VIs
increasing with plant greenness distinguishes vegetation classes through a combination of

two or more wavelengths, such as blue, red and near-infrared, because of differences in



photosynthesis among species and seasons (Shishir and Tsuyuzaki, 2018). I examined the
seasonal fluctuations of selected six VIs to distinguish 4. auriculiformis from native
vegetation. Each of the chosen Vs offers distinct advantages in detecting invasive species
through spectral differences across seasons. Seasonal Sentinel-2A (10 m resolution) images
from 2022 and 2023 (winter, summer, monsoon, and autumn) were selected from the
Google Earth Engine (GEE) catalog and combined to generate a multi-season composite.
Digital elevation model (DEM) was used to extract elevation data (12.5 m resolution). All
images were stored, shared and processed within the GEE platform (Gorelick et al., 2017).
Ground truth data were obtained in 2022 on 614 points in various land use classes. The
collected points were used to train and validate classification. Machine learning classifier
Decision Tree (DT) and Random Forest (RF) were applied to detect A. auriculiformis from
native vegetation and classification of vegetation classes. In a specific season, RF detected
A. auriculiformis well when multiple VIs and elevation data were integrated.

Phenological variations among tree species are an indicator for distinguishing invasive
species from native vegetation through spectral reflectance captured in satellite images
(Bradley, 2014). Vegetation phenology, defined as the study of seasonal cycle in plant
growth and development, is influenced by changes, including greening, maturing, shedding
leaves and bud dormancy. These species-specific changes allow to classify vegetation
classes (Huang et al., 2025; Li et al., 2022). Time-series images were used for mapping
invasive species, due to increase in classification accuracy (Kollert et al., 2021). In this
study, the phenological spectral difference between A. auriculiformis and native deciduous
forests during specific phenological periods were examined and an index was developed to
increase spectral separability using time-series RS data. Multiple phenological periods were
found by constructing temporal profiles of multiple VIs. The ability of identified
phenological spectral features were tested on RF, Support Vector Machine (SVM), and
Classification and Regression Tree (CART) to discriminate invasive species from
deciduous forests. The study developed a phenological spectral features-based index (PVI),
assessed spectral separability for 4. auriculiformis, and applied machine learning classifiers
for its distribution mapping. The study advanced phenological spectral features-based RS
techniques in A. auriculiformis detection in tropical moist deciduous forest. It offered a
robust approach that strengthens the global efforts to monitor and map invasive species to
manage biological invasion.

Mapping and predicting the spread of A. auriculiformis are crucial for controlling 4.

auriculiformis at regional scale. Maximum Entropy (MaxEnt) was conducted after the
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detection of A. auriculiformis distribution to predict its potential range based on the
environmental factors that influence its spread. While the initial detection focused on
identifying areas where 4. auriculiformis is currently present, the MaxEnt model uses these
locations along with environmental factors, e.g., climatic, physiographic and land use to
assess the suitability of other areas for the species. MaxEnt was effective for predicting
potential sites for 4. auriculiformis plantation and identifying key environmental factors
influencing its distribution (Moreno-Amat et al., 2015). Human-induced disturbances like
land use changes were found in accelerating the spread of invasive species. Human
activities change ecological niches, defined as the range of environmental conditions that
allow a species to survive, thereby favor the growth and persistence of invasive plants by
altering the frequency and intensity of disturbances (Manier et al., 2014). Because RS
supports to detect biological invasions by mapping the spread of IAPs at various scales
(Rocchini et al., 2015), RS data were combined with MaxEnt to detect and predict the
distribution of 4. auriculiformis. MaxEnt detected sites for transplantation and showed that
human-induced disturbances were key factors in managing the invasive plants. These areas
are at high risk of invasion. The results not only can advance local management strategies
but also contribute to the global efforts in an era of rapid environmental and societal change.

In this study, the term ‘interactive’ refers to the combined influence of phenological
features, VlIs, topography, and environmental factors in detecting and mapping invasive
species. These factors were not studied separately but together, using models like MaxEnt
to understand how they jointly affect distribution patterns.

Integrating the phenological traits, elevation, human-induced disturbances and
environmental factors into RS and species distribution models added new insights to the
approach by enhancing the detection of invasive species and improving predictions of how
various activities and conditions impact ecologically sensitive areas. This integrated
approach not only can support effective conservation and management strategies by
identifying key areas for restoration, protection and targeted control efforts in the protected
areas but also promote generality by applying the method across diverse ecosystems. This
approach contributed to a broader understanding of invasive species dynamics, aiding in
the development of globally relevant strategies for biodiversity conservation and ecological

resilience.



Study site

The study site was Bhawal National Park (24°01'N, 90°20'E), located 40 km north to Dhaka,
Bangladesh (Figure 0-1). The park (50.2 km?) was designated as a protected area (IUCN
Management Category I'V) in 1982. The native forest belongs to a tropical moist deciduous
forest (Toma et al., 2022) and dominated by deciduous Shorea robusta Gaertner f. (Kabir
and Ahmed, 2005). Field observations in 2022 confirmed that the cohabitants were Tectona
grandis L.f. (deciduous), Terminalia belerica (Gaertn.) Roxb. (deciduous), Swietenia
mahagoni (L.) Jacq. (evergreen), Terminalia arjuna (Roxb.) Wight et Arn. (evergreen),
Mangifera indica L. (evergreen), Butea monosperma (Lam.) Taub. (deciduous), Terminalia
chebula Retz. (deciduous), Elaeocarpus floribundus BIl. (evergreen), FEucalyptus
camaldulensis Dehnh. (evergreen, invasive), A. auriculiformis, etc. The park consists of the
National Forest Park Range and the Bhawal Forest Range (Masum et al., 2016). The
topography is dating back to the Pleistocene epoch, elevated 10 to 15 m above the
surrounding floodplains, with nutrient-poor and slightly acidic soil types (Islam et al., 2014;
Rahman et al., 2010a). Mean annual temperature is 25.6°C with an annual rainfall of 2214
mm in the study site (Karim et al., 2023). The study site has a warm, humid climate with
distinct seasonal variations in rainfall, moderately warm temperature and high humidity. It
experiences four seasons: a dry winter from December to February, a hot pre-monsoon
summer from with high temperature from March to May, a wet monsoon with the highest
rainfall from June to September, and a post-monsoon autumn from October to November
(Islam et al., 2014; Shahid, 2010). More than 75% of the rainfall occurs here in the monsoon
season (Khan et al., 2019). Vegetation phenology is affected by the seasonal changes in
rainfall that affect plant growth, including greening, maturing, and senescence (Huang et
al., 2025). Growing season/greenness is marked from June to November as vegetation
attains its peak in the time of highest rainfall (Islam et al., 2021). Senescence (leaf-
shedding) of native deciduous forests occurs in dry winter season (Costa et al., 2014; Singh
et al., 2020).

Bhawal National Park, once abundant in biodiversity, is now experiencing biodiversity
decline due to intense human activities such as encroachment, the creation of settlements
and industries, the planting of invasive species, illegal logging, and agricultural expansion
(Alauddin et al., 2020; Masum et al., 2016). The protected areas are at risk because of
biological invasions due to human disturbances and the spread of invasive species (Bhatta
et al., 2024). The monoculture with the fast-growing exotic species are practiced within the

forest area by the Forest Department of Bangladesh (Alauddin et al., 2020). However, the

10



initiatives disrupted the plant and animal diversities in the forest (Hasan and Bahauddin,

2014).

90°21' 90°24° 90°27° 90°30"
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Acacia auriculiformis
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Figure 0-1. Ground truth point locations (indicated by circles) within the study site are
displayed on Sentinel-2A imagery captured during the winter season, spanning December
1, 2022, to March 15, 2023. The circles are color-coded to represent different land use
classes. Coordinates for these locations were recorded using a portable GPS. The upper left
corner of the figure shows the geographical context, highlighting the study sites in
Southwest Asia (top) and Bangladesh (bottom).

During the 20th century, Bangladesh introduced the fast-growing Australian evergreen
tree A. auriculiformis (Fabaceae), reflecting its longstanding practice of incorporating
species from various regions (Mukul et al., 2021). 4. auriculiformis explained 26% of the
forest areas in the park (Rahman et al., 2010b). This is a nitrogen fixing species and
becomes 30 m in height and 30 cm in diameter at breast height in mature stage (Zerkout et
al., 2021). A. auriculiformis flourishes in warm climates with temperatures from 12°C to
34°C and in humid areas with 1000 to 4500 mm of annual rainfall (Heringer et al., 2019).

A. auriculiformis often displaces indigenous forest vegetation and other local wild flora,
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as they lack edible fruits or nectar to support wildlife (Rahman et al., 2010a). Acacia species
have been planted globally and are most extensively spread across ecosystems and
ecologically impactful due to their long-lived and easily dispersed seeds, disturbance-
triggered germination, ability to resist water stress and flexible symbiosis with nitrogen-
fixing bacteria (Hui et al., 2014). A. auriculiformis has specific functional traits from native
deciduous vegetation, i.e., fast-growth and high competition ability (Maitre et al., 2011),
due to its deep roots that absorbs more nutrients, long-lasting leaves that saves energy, and
nitrogen-fixing ability, which together support its fast-growth and dominance over native
species (Morris et al., 2011). Moreover, native deciduous forests are sensitive to invasive
A. auriculiformis due to phenological differences, which promote invasiveness (Lediuk et
al., 2014). The phenological differences, such as extended leaf phenology, allow it to gain
a competitive advantage over native species and affect communities by using nutrients first,
blocking sunlight, avoiding pests, and disrupting native plant interactions (Smith, 2013).

Land use classes were recorded from field observations during winter season (leaf-off
period) in March 2022 and use the sampling points as ground truth data (Table 0-1). The
coordinates on each point were measured by a portable Global Positioning System (Garmin
Rino 750; Garmin Corporation, Taipei, Taiwan). At each ground truth point, key ecological
parameters, including phenological stage, topographical factors, land use were recorded to
support interpretation of vegetation structure and spectral variability, thereby enhancing
classification accuracy.

The field observations occurred during the leaf-off period, and deciduous forests such
as S. robusta showed reduced canopy cover (visually estimated at 20-40%) due to seasonal
leaf-fall. In contrast, A. auriculiformis and other native evergreen species maintained dense
canopy cover (>60%). This phenological contrast enhanced spectral separability among
vegetation classes. The satellite image acquisition was aligned with field observations
timing to ensure consistency in phenological conditions, further improving classification

accuracy.
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Table 0-1: The summary of collected ground truth points of various vegetation classes

through field observations from the study site.

Feature Name Phenology Sample Elevation Phenological Land use
no. stage class
Invasive A. evergreen 129 low to Leaf flushto  plantation/
alien auriculiformis high mature agroforestry
plants (12m ~) (evergreen
phase)
Dominant S. deciduous 215 high leaf fall natural/
tree robusta (>19m) protected
area
Mixed cohabitant mixed 145 mid to mixed natural/
vegetation  deciduous and high stages disturbed
evergreen (16m ~) forest
plants
Agricultural seasons- 58 varied planted cultivated
land dependent or harvest
stage
Non- Waterbodies, not 67 varied not not
vegetation bare land, applicable applicable applicable
buildings,
roads

During field observations, the dominant species S. robusta was observed to be in a

declining state (Rahman et al., 2010b), while 4. auriculiformis was planted throughout the

forests, predominantly near human-made structures (Figure 0-2).
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Figure 0-2. (a) S. robusta (b) A. auriculiformis (c) Agricultural land (d) Water body (e)
Human-made structure, and (f) road inside the forest.

(Source: field observations 2022)
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Chapter 1

Detecting biologically invasive species by phenology and topography in

tropical moist deciduous forests at satellite remote sensing scale

1.1. Introduction

Invasive alien plant species (IAPs) threaten biodiversity worldwide through habitat and
ecosystem degradation (Pysek et al., 2012). IAPs are responsible for 25% plant extinctions
globally (Dudley et al., 2008; Rai, 2022). Numerous IAPs were introduced into Bangladesh,
particularly during the British colonial period in the late 19th century, to increase timber
productivity with fast-growing trees (Mukul et al., 2020). In the 20th century, Australian
trees, represented by Eucalyptus and Acacia, were introduced for afforestation on degraded
lands (Rahman and Roy, 2014). Currently, Acacia auriculiformis C. Cunn. ex Benth., an
evergreen invasive tree, is widespread in protected areas, including national parks in
Bangladesh (Foster-Turley et al., 2016). This species shows phenological differences from
native deciduous trees, allowing for the detection of invasive species through spectral
differences and seasonal changes in vegetation indices (VIs) using remote sensing (Bradley,
2014).

Remote sensing (hereafter RS) is a tool for mapping, identifying, and monitoring the
distribution of forests (Nandasena et al., 2023). Evergreen forests are distinguished from
deciduous forests by VIs during defoliation (Grabska et al., 2020; Liu et al., 2023). RS
identifies invasive shrubs in deciduous forest understories because these shrubs shed their
leaves earlier than native deciduous shrubs (Resasco et al., 2007). This technique is applied
to monitor leaf phenology between invasive shrubs and native trees in deciduous forests
(Wilfong et al., 2009). Since Vs are affected by photosynthetic activities, leaf phenology
is detected by VIs (Melaas et al., 2016).

The normalized difference vegetation index (NDVI) evaluates various vegetation
characteristics, e.g. vegetation class, plant activity, and productivity (Tucker, 1979).
However, NDVI accuracy is reduced by atmospheric, edaphic, and topographic
interferences (Shishir and Tsuyuzaki, 2018). To mitigate these effects, alternative Vls, i.e.,
enhanced vegetation index (EVI), soil-adjusted Vegetation Index (SAVI) (Huete, 1988;
Zeng et al., 2022), green-red vegetation index (GRVI) (Shishir et al., 2020), green
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chlorophyll index (GCI) and atmospherically resistant vegetation index (ARVI) (Nadjla et
al., 2022; Xue and Su, 2017) were often used.

Decision Tree (DT) was used for classifying vegetation classes due to their training
capability and result interpretation (Pefia-Barragan et al., 2011). However, DT tends to
overfit training data (Prajwala, 2015), Random Forest (RF) was employed for the image
classification. RF is an ensemble learning method widely used for land cover classification
with multispectral and hyperspectral images, offering high accuracy and robustness to noise
compared to single classifiers (Rebelo et al., 2021; Rodriguez-Galiano et al., 2012).

RF is efficient for processing RS data (Eugenio et al., 2021; Silva et al., 2023),
including detecting invasive species (Belgiu and Dragut, 2016; Lawrence and Ripple, 2000).
RF is suitable for detecting vegetation and land use for spatiotemporally auto-correlated
data (Masemola et al., 2020). Since the biological invasions often show spatiotemporal
correlation (Mistro et al., 2012), this classifier was applied.

Topographic features, such as elevation, play a crucial role in mapping processes
(Albert and Ammar, 2021). The digital elevation model (DEM) was used to analyze the
effects of elevation on the distribution of invasive and native species with VIs (Saadat et
al., 2008). A. auriculiformis was immigrated from plantations to natural forests dominated
by Shorea robusta Gaertner f. in the Bhawal National Park, Bangladesh (Rahman et al.,
2010b). This area is suitable for analyzing the effectiveness of identifying and mapping of
IAPs by multispectral RS data due to the temporal changes in the surface reflectance of A.
auriculiformis and native vegetation. This study examined: (1) the detection of evergreen
A. auriculiformis considering the phenology of vegetation classes and (2) the detection of
A. auriculiformis by integrating multiple VIs with elevation under an RF algorithm in a

particular season.

1.2. Materials and Methods

1.2.1. Study site and species

The study site, Bhawal National Park (50.2 km?), is located 40 km north to Dhaka, capital
city of Bangladesh (24°01' N, 90°20'E) (Figure 1-1). Designated as a protected area (IUCN
Management Category 1V) in 1982, the park includes the Bhawal Forest Range and the
National Park Forest Range, along with seven forest beats, that is the smallest forest

management units (Masum et al., 2016). The park is a raised platform from the Pleistocene
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Epoch, elevated at 10 to 15 m above the neighboring floodplains (Islam et al., 2014). It is
classified as a tropical moist deciduous forest (Toma et al., 2022), dominated by the
endangered, deciduous tree, S. robusta Gaertner f. (Kabir and Ahmed, 2005). Protecting S.
robusta forests was a key reason for the park designation (Rahman et al., 2010a). S. robusta
forms the forest canopy, covering 25% to 75% of the area ( Rahman and Vacik, 2010), with
densities exceeding 4000 stems/ha in every forest beats (Mondol et al., 2021). Field
observations in 2022 identified the cohabitants including Tectona grandis L.f., Terminalia
belerica (Gaertn.) Roxb., Swietenia mahagoni (L.) Jacq., Terminalia arjuna (Roxb.) Wight
et Arn., Mangifera indica L. and Elaeocarpus floribundus Bl. Eucalyptus camaldulensis
Dehnh., A. auriculiformis, etc. Agricultural activities have replaced some forested areas
over several decades (Alauddin et al., 2020; Rahman et al., 2010b). The climate is warm
and humid (Islam et al., 2014), with a mean annual temperature of 25.6°C and annual
precipitation of 2214 mm (Karim et al., 2023). The region experiences four seasons: winter
(dry season, December to February), summer (pre-monsoon warm, March to May),
monsoon (highest rainfall, June to September), and autumn (post-monsoon, October to
November) (Shahid, 2010).

The national park has been affected by human impacts, driven by its accessibility from
Dhaka, rapid population growth, and ongoing industrialization (Alam et al., 2022). A.
auriculiformis, a fast-growing species, has been planted in 26% of the forest area in the
national park as a part of a plantation program by the Bangladesh Government (Rahman et
al., 2010b). A. auriculiformis is broadly established in the study site (Rangra et al., 2019).
This species reaches 30 m in height and 30 cm in diameter at breast height when mature
and it grows rapidly even in nutrient-poor habitats due to its nitrogen-fixing ability (Zerkout

etal., 2021).

17



90°24’ 90°27' 90°30"

24°9'

Ground Truth Points
+ Acacia auricufiformis
® Shorea robusta
@ Mixed vegetation
® Agricultural land
® Bare land

24°6'

® Settlement
® Waterbody

24°3'

3 4 km

24°9

24°3

90°21 90°24' 90°27" 90°30°

Figure 1-1. The locations of ground truth points (color-coded circles) in the study site
displayed on Sentinel-2A images taken during winter (December 1, 2022, to March 15,
2023). Different circles show different land use classes. Coordinates were determined by a
portable GPS. The upper left corner of the figure shows the study site location in Southwest
Asia (top) and Bangladesh (bottom).

1.2.2. Datasets and image processing

By Google Earth Engine (GEE) catalog, cloud-free data was obtained from Sentinel-2A
(European Space Agency Copernicus) to map A. auriculiformis and other land use classes.
The multispectral instrument on Sentinel-2A captures atmospheric reflectance data, which
are processed into surface reflectance without requiring further atmospheric corrections.
Sentinel-2A images have 13 spectral bands with resolutions of 10, 20 and 60 m, available
at approximately 5-day intervals. Sentinel-2A is advantageous for vegetation classification
due to its four specific bands (5, 6, 7, and 8A) in the red region (Rebelo et al., 2021). The
10 m resolution bands, Blue, Green, Red, and near-infrared (NIR) were combined for VIs

across seasons for vegetation classification.
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The multispectral images were acquired across four seasons in 2022 and 2023, as each
season provides distinct spectral and phenological signals essential for distinguishing
vegetation classes. For each season (winter, summer, monsoon, and autumn), composited
images were generated by integrating data captured at different times within each season.
These seasonal composite images were then aggregated to create a multi-season image
representing data from all seasons.

Elevation data was obtained from a DEM provided by the Advanced Land Observing
Satellite, with a 12.5 m spatial resolution. All image data were stored, shared and processed

in the GEE platform (Gorelick et al., 2017).

1.2.3. Field data collection

Sampling points used as ground truth data for land use classes were set after defoliation in
March 2022, excluding inaccessible locations. The numbers of points were 129 for A.
auriculiformis, 215 for S. robusta, 145 for Mixed vegetation and 59 for Agricultural lands.
Coordinates for each point were measured by a portable GPS (Garmin Rino 750; Garmin
Corporation, Taipei, Taiwan). The 4. auriculiformis were separated into patches to assess
their invasiveness by evaluating their spread and impact. I recorded 67 points without
vegetation, i.e., bare lands, water bodies and man-made structures (buildings and roads) as
non-vegetation class. In total, five classes were recorded. These points were used to train

and validate the classification.

1.2.4. Vegetation indices (VIs)

To distinguish A. auriculiformis from native forests, I examined the seasonal fluctuations

of six Vls:

(1) Normalized Difference Vegetation Index (NDVI) = (NIR — red)/ (NIR + red) (Tucker,
1979).

(2) Green-Red Vegetation Index (GRVI) = (green — red)/ (green + red) (Yin et al., 2022),
uses green wavelengths instead of NIR in the equation of NDVI. It is enabled to detect
dense vegetation, particularly, on forest canopy (Shishir and Tsuyuzaki, 2018).

(3) Enhanced Vegetation Index (EVI) = G x (NIR — red)/ (NIR + C1 x red-C2 x blue +
L), where L is canopy background adjustment, and C1 and C2 area aerosol resistance

terms (Huete et al., 2002). EVI can estimate biomass by weakening the noises of canopy
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background signal from atmospheric interferences (Johnson et al., 2016).

(4) Soil-Adjusted Vegetation Index (SAVI) = (NIR — RED)/ (NIR + RED + L) x 1 x L,
where L is a factor that considers soil brightness and atmospheric conditions, with a
default of 0.5 (Huete, 1988).

(5) Green Chlorophyll Index (GCI) = (NIR/G) — 1 (Kumar et al., 2018). GCI estimates
chlorophyll content of leaves that indicates vegetation health, making GCI useful to
monitor seasonal impacts, as chlorophyll in stressed plants (Nadjla et al., 2022).

(6) Atmospherically Resistant Vegetation Index (ARVI) = [NIR — (2 x RED) + BLUE]/
[NIR+ (2 x RED) + BLUE], designed to reduce atmospheric moisture interference, in

particular, in tropical regions (Kureel et al., 2022).

The A. auriculiformis was detected in GEE by the six VIs in each season. All indices
increase with increasing vegetation and range from -1 to 1, except GCI. The differences
were compared between the vegetation classes in each season. A pair-wise 7-test was used

to investigate the differences in mean between vegetation classes (Mishra et al., 2019).

1.2.5. Performance evaluation and accuracy assessment of RF and DT

The DT and RF classifiers were applied to categorize vegetation classes using six VlIs
across seasons, splitting the dataset into 70:30 for training and validation, which increased
the accuracy of the classification (Adelabu et al., 2015). The performance of DT was
evaluated by confusion matrices and kappa coefticient (x) in R version 4.3.2 (R Core Team
(2023).

RF classification was performed on each season and multi-season images in GEE
using ground truth data. RF involves two parameters, mtry the number of variables at each
split and ntree, the number of nodes in the clustering tree (Breiman, 2001; Masemola et al.,
2020). I set mtry to 3 and ntree to 20. RF classification was conducted separately for each
season, incorporating elevation data and VIs with multispectral composited images. The
accuracy of RF classification was evaluated by confusion matrices and the kappa
coefficient () coefficient (Aji et al., 2023). The x was calculated for each season to assess
the accuracy (Kuplich, 2006). The selection of training and validation points improves
overall accuracy of the classification (Ma et al., 2015). The seasonal differences were
investigated using winter image as a benchmark, focusing on the period when deciduous

trees lose their leaves.
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All satellite images were classified in two steps. First, binary classification was
performed to determine the presence or absence of A. auriculiformis, distinguishing
between areas dominated by A. auriculiformis and others land use classes. This step
facilitated rapid detection of invasion edges and areas at risk. Next, a more detailed multi-
class classification was applied by adjusting non-A4. auriculiformis classes into ecologically
relevant land use classes: S. robusta, Mixed vegetation, Agricultural land, and the non-
vegetation. The Mixed vegetation refers to forests consisting of evergreen and deciduous,
excluding 4. auriculiformis and S. robusta, providing critical insights into the composition
and structure of native ecosystems. Multiple VIs and elevation from DEM were analyzed

to detect A. auriculiformis accurately.

1.3. Results

1.3.1. The detection of A. auriculiformis: binary and multi-class image classifications on

multi-season image

The binary and multi-class classification detected A. auriculiformis well using RF with
multispectral reflectance (Figure 1-2), although differences in accuracy between them
were confirmed. The performance of both the classifications was evaluated form the
confusion matrices. For binary classification, the image was classified into two classes: A4.
auriculiformis and others. The overall accuracy (OA) was 71.1% with a « of 0.59,
demonstrating the separability of 4. auriculiformis from others. The producer accuracy
(PA) for A. auriculiformis was 90.8% and user accuracy (UA) was 35.4%. The lower UA
suggested a high rate of commission error, due to spectral similarities with other evergreen
species during phenological periods.

In contrast, the multi-class classification classifying five classes: A. auriculiformis, S.
robusta, Mixed vegetation, Agricultural land, and non-vegetation improved classification
accuracy. This approach achieved a higher OA of 76.8% (x of 0.71). For A. auriculiformis,
PA increased to 92.1%, while UA improved to 64.2%, suggesting a reduction in false
positive and better separation from ecologically similar classes. These results showed that
A. auriculiformis were effectively detected from native vegetation by capturing distinct
reflectance at specific times of the year.

Misclassification in the binary approach was noticed which was mostly associated

with Mixed vegetation (Figure 1-2), likely due to the evergreen A. auriculiformis. Spectral
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similarities during the growing season led to confusion between A. auriculiformis and S.
robusta. The multi-class classification enhanced accuracy by reducing misclassification

of A. auriculiformis with native vegetation classes.
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Figure 1-2. (a) Distribution of 4. auriculiformis estimated by binary classification and (b)
multi-class classification with magnified views. The magnified plots indicated by blue
boxes in (a) and (b) indicate where dense vegetation occurs. (c¢) A. auriculiformis-Mixed
vegetation by Binary classification (blue color areas indicate misclassification and blue
boxes indicate areas with large misclassification) and (d) misclassified areas.
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1.3.2. Seasonal surface reflection of VIs in vegetation classes

Fluctuations in VIs were observed among classes across seasons (Figure 1-3). Green
contrasts between evergreen and deciduous forests were evident from late winter to early
summer.

Among the six examined VIs, GCI was higher for 4. auriculiformis in both winter
(mean = 3.03) and summer (3.52) compared to other vegetation classes (z-test, p < 0.01).
The NDVI of A. auriculiformis varied little seasonally and remained at peak in all seasons
among the vegetation classes. In contrast, S. robusta forest varied seasonally and showed
lower NDVI in winter, remaining low until early summer. This seasonal defoliation of
deciduous forests allowed the classification of evergreen A. auriculiformis in winter. In
summer, 4. auriculiformis exhibited higher and more stable NDVI, facilitating detection in
both winter and summer. In autumn, the peak NDVTI across all vegetation classes (> 0.75)
complicated classification, except for Agricultural land which had a low NDVI (0.67) (z-
test, p <0.01).

GRVI was observed lower in winter and summer than in monsoon and autumn. 4.
auriculiformis showed higher GRVI (0.08) in winter, aiding its detection (¢-test, p < 0.01).
However, increased GRVI during monsoon and autumn caused overlaps among vegetation
classes, hindering separation of A. auriculiformis. GRVI distinctly identified Agricultural
land in summer (0.07).

EVI of A. auriculiformis fluctuated seasonally, that ranged from 0.31 to 0.48. The
average EVI in winter was 0.34, separating A. auriculiformis from Mixed vegetation (0.30)
and Agricultural land (0.29) but not from S. robusta (0.33). In summer, EVI was lower for
three vegetation classes (0.28 on S. robusta, 0.29 on Mixed vegetation and 0.31 on 4.
auriculiformis) than on Agricultural land (0.39). EVI showed small fluctuations in A.
auriculiformis, S. robusta and Mixed vegetation during all seasons and did not clearly
separate A. auriculiformis (Figure 1-3).

SAVI for the evergreen A. auriculiformis fluctuated from 0.27 in winter to 0.44 in
autumn (Figure 1-3). SAVI separated Agricultural land (0.39) from A. auriculiformis (0.33)
in summer (z-test, p <0.01). Deciduous forests had lower SAVI in winter (0.31) and summer
(0.30) than in monsoon (0.42) (#-test, p < 0.01). S. robusta forest had a SAVI of 0.31 in
winter, while Mixed vegetation had 0.29. 4. auriculiformis had a SAVI of 0.32 in winter,

allowing it to be separated from Mixed vegetation.
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A. auriculiformis showed ARVI of 0.77 in monsoon and autumn. The seasonal
fluctuations of ARVI distinguished 4. auriculiformis from S. robusta and Mixed vegetation,
particularly in summer (#-test, p < 0.01). In summer, A. auriculiformis had an ARVI 0f 0.42,
separated it from remaining classes. ARVI in Agricultural land averaged 0.39 in winter,
0.49 in summer and 0.61 in autumn, differentiated the class from vegetation classes. A.
auriculiformis were not distinguished from S. robusta and Mixed vegetation during winter,

monsoon and autumn.
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Figure 1-3. The seasonal fluctuations of NDVI, EVI, SAVI, GCI, ARVI, and GRVI in 4.
auriculiformis, S. robusta, Mixed vegetation and Agricultural land, shown with box-
whisker plots. The box represents the first and third quartiles, with bold lines indicating
median. The horizontal lines show the minimum and maximum values within the normal
data range (first quartile minus 1.5 x interquartile distance to third quartile plus 1.5 x
interquartile distance). Outliers are shown as open circles.
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In Figure 1-4, A. auriculiformis showed higher VIs than S. robusta. The magnitude
of the VIs reflected the degree of difference between A. auriculiformis and S. robusta.
NDVI, GCI and GRVI effectively distinguished A. auriculiformis (t-value = 3.36-6.51, p <
0.01) in winter. In summer, ARVI showed differences between A. auriculiformis and S.
robusta with high variations. These two species were separated in both winter and summer
with NDVI, ARVI, GRVI, and GCI. The results indicated that seasonal measurements of

Vs were effective for extracting A. auriculiformis.

ARVI [ EVI [ GCl [|  GRv NDVI SAVI -
“Nt249] [to0d8  [t023) t-08] [t 33 t 20,45
15
S-J ‘A -A )
04 —_— ||
1t ose) (t:-5.24] (t:7.86] (t:-1.21] (t: 1.68] [ ]
15
3
10+ %
o
5-_J\ g/\_ _/\ _j/\ )
Z o _0’0\ _ |
g (t-002)  [t4.43] [
15+
10+ ,\K %
A A A J&Q
01 — ||
?z t:3.98 [ 3.98] (t: 5.08]
101 c%
N PK_ A -‘

6 0.0 0.2
VI value

0.250.500.75 0.0 0.2 0.4 0.6 2 4 04 06 0800 02 04 06

Species |:| Acacia auriculiformis |:| Shorea robusta

Figure 1-4. Distribution of VIs (columns) in four seasons (rows) for A. auriculiformis
(invasive vegetation) and S. robusta (native vegetation). The #-values are shown on each
panel. The y-axis shows the probability density. When VIs between A. auriculiformis and
S. robusta are significantly different at p < 0.01 (z- test), the t-values are highlighted in red.
For details on the other classes, see in the text.
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1.3.3. Discriminating A. auriculiformis from native vegetation using DT
In winter, DT separated S. robusta from Mixed vegetation by GCI (< 2.00) (Figure 1-5).
NDVI distinguished Agricultural land from Mixed vegetation (> 0.44). Elevation (< 18)
separated Mixed vegetation from S. robusta. When GCI was > 3.20, A. auriculiformis was
separated from Mixed vegetation. A. auriculiformis was distinguished from S. robusta
when NDVI was > 0.63. The combination of elevation and ARVI extracted S. robusta when
elevation and ARVI were <19 and < 0.50, respectively. GRVI detected A. auriculiformis
when GRVI > 0.09. DT showed OA of 65% (x = 0.5) in winter. When applied to summer,
monsoon and autumn, OA was 67% (x = 0.52), 72% (x = 0.59) and 69% (x = 0.54).
Elevation affected accuracy, with DT showing lower accuracy in winter than in the
other seasons. The threshold in Figure 1-5 using VIs and elevation can be applied to other

areas after adjusting them with local conditions and data.
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Figure 1-5. DT classification of vegetation classes in winter. DT utilized a combination of
VIs and elevation as predictors for the classification. For details on the other seasons, see
in the text.
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1.3.4. A. auriculiformis detection by multispectral composited seasons and multi-season

image classification by RF

The spectral reflectance and seasonal fluctuations in VIs were used to distinguish IAP from
native vegetation using multi-class image classification approach with RF (Figure 1-6). RF
produced the highest OA of 90% (x = 0.88) in winter due to distinct spectral characteristics
among classes. In summer, OA was 86% (x = 0.85). Similar spectral characteristics during
monsoon and autumn resulted in lower OA of 73% (k= 0.69) in autumn and OA of 76% (k
=0.71) in monsoon. Combining multispectral reflectance data from all seasons as a multi-
season image improved classification compared to specific seasons (monsoon and autumn),
with an OA of 83% (k = 0.80). Although lower than the accuracies for winter and summer,
it was higher than those for autumn and monsoon. These results demonstrated that multi-
season data enhanced vegetation mapping by capturing diverse phenological variations;
however distinct seasonal spectral characteristics captured by VIs achieved higher accuracy

in specific seasons to classify A. auriculiformis and others.

27



Legend

B Acacia auriculiformis
B Shorea robusta

] Mixed vegetation

" | Agricultural land
[ Non - vegetation

Figure 1-6. RF generated classification maps in winter (a), summer (b), monsoon (c) and
autumn (d) with multi-season (e).

1.3.5. Classification accuracy with different model combinations on seasons and multi-

season images

The classification accuracies obtained by RF were enhanced when reflectance data of
multispectral images (MSI), VIs and elevation were combined (Figure 1-7). The OA of
classifications were 73%, 76%, 86% and 90% in autumn, monsoon, summer, and winter.
The x was 0.69 in autumn, 0.71 in monsoon, 0.85 in summer, and 0.88 in winter, showing
the highest OA in winter when the deciduous trees were defoliated. The OA of multi-season
improved to 83% with x = 0.81, compared to OA of 76.8% with ¥ = 0.71 without
combination. Employing GEE, RF was trained using spectral data, VIs and elevation. When
NDVI was combined with classification, the accuracy was 82% in winter (k= 0.78), 83%
in summer (k= 0.81), 65% in monsoon (k= 0.57), 63% in autumn (x= 0.56), and 77.8% in

multi-season (x= 0.72). When elevation was added in the model, the accuracy increased to
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88% in winter (k= 0.86), 82% in summer (k= 0.79), 65% in monsoon (k= 0.57), 65% in
autumn (x= 0.58), and 79% in multi-season (k= 0.79). These results indicated that elevation

played a significant role in classification.
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Figure 1-7. Overall accuracy (OA) and x on the vegetation classification conducted by RF
on (a) winter, (b) summer, (¢) monsoon, (d) autumn, and (e) multi-season with various
model combinations.

When all the VIs and elevation combined with multispectral reflectance data, OA
reached a maximum of 90% in winter (k= 0.88), 86% in summer (x= 0.85), 76% in
monsoon (k= 0.71), 73% in autumn (x= 0.69), and 83% in multi-season (x= 0.81). High
accuracy in winter and summer highlighted the ability of VIs to capture key phenological
traits with specific spectral bands, while multi-season data enhanced accuracy by reducing
spectral similarities. These results indicated that elevation affected the distribution of

vegetation classes, even with a difference of only 10 to 15 m.



1.4. Discussion

1.4.1. Assessing the better strategy: binary vs multi-class

The binary classification required fewer samples for supervised training but sometimes
increased misclassification. Adjusting subclasses from multi-class classification reduced
this misclassification (Zhao and Qin, 2022). In multi-class classification, four vegetation
classes and one non-vegetation class were extracted by spectral reflectance from different
seasons and multi-season images. By considering multiple classes, the multi-class approach
produced higher accuracy. The classification accuracy was linked to spectral differences
between species, reflecting the actual distribution of vegetation classes (Ferreira et al.,
2016). However, the clear distinction between Agricultural land and other vegetation

classes facilitated the differentiation of 4. auriculiformis in multi-class classification.

1.4.2. Seasonality of VIs: advantages and disadvantages

Unique seasonal patterns in the spectral reflectance were observed, particularly on GRVI,
GCI and NDVI in winter and on NDVI, ARVI and GCI in summer. In monsoon and autumn,
vegetation classes were not well-classified, likely due to dense vegetation growing.

GCI eftectively detected A. auriculiformis in winter and summer by highlighting
persistent green vegetation. GCI is sensitive to chlorophyll content (Sun et al., 2024),
accurately detecting phenological differences (Nadjla et al., 2022).

Similarly, NDVI was higher for 4. auriculiformis in winter and summer than for the
native deciduous forests. Evergreen trees show leaf shedding in early summer but flush
leaves earlier than deciduous trees (Negi, 2006), allowing 4. auriculiformis detection by
NDVI in these seasons.

GRVI detected A. auriculiformis only in winter, indicating its limited year-round
applicability. However, GRVI effectively identified plant phenology and separated dense
vegetation (Nagai et al., 2012). In summer, 4. auriculiformis were extracted by high ARVI,
distinguishing them from S. robusta and Mixed vegetation. ARVI also distinguished A.
auriculiformis from Agricultural land, although ARVI on Agricultural land was higher than
that on 4. auriculiformis, reflecting high productivity (Idol et al., 2017).

Winter and summer VIs (NDVI, GRVI, GCI, and ARVI) played key roles in
distinguishing deciduous and evergreen vegetation by capturing phenological differences.
Using seasonal fluctuations of multiple VIs provides valuable insights for monitoring the

temporal dynamics of invasive species.
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1.4.3. Effectiveness of combination of VIs and elevation

The combination of multiple VIs with elevation increased the accuracy of land use and land
cover classification. The differences in VIs were linked to the spectral behavior of the
evergreen and deciduous species throughout the seasons, as well as to the images derived
from red and NIR bands of Sentinel-2A (Masemola et al., 2020). In winter and summer, the
deciduous vegetation is exposed due to leaf-off in the study site, and the analysis of VIs
demonstrated a clear distinction between A. auriculiformis and native vegetation. The
combined use of all VIs and elevation highlighted the importance of selecting VIs for the
classification because spectral values capture phenological traits (Caparros-Santiago et al.,
2021).

Elevation, as a topographic feature, determined vegetation distribution, including A.
auriculiformis, even with small elevation differences (Liu et al., 2019). Therefore, elevation

should be examined even if the topography is flat.

1.4.4. Assessment of RF classification

The accuracy of classification was low in winter when DT was employed with multiple VIs
and elevation. Higher accuracy was observed during monsoon due to the higher spectral
reflectance of trees. In winter, vegetation class reflection was insufficient for tree
classification (Wu et al., 2017). DT leads the high classification accuracy when the training
data are sufficient (Friedl and Brodley, 1997).

Using RF with VIs and DEM, detection of 4. auriculiformis was highest in winter and
lowest in autumn. High OA observed in winter, summer and multi-season images indicated
well-characterized phenological differences among tree species. The multispectral image
classification effectively classified vegetation. VIs improved target species identification
by refining spectral signatures, distinguishing 4. auriculiformis from rmaining classes
(Anuar et al., 2022). The elevation data improved classification with geomorphologic
attributes (Zhu and Liu, 2014). Dense vegetation during monsoon and autumn complicated
class differentiation. The study showed that VIs focusing on key phenological traits
enhanced accuracy in specific seasons. This approach highlighted the effectiveness of RF
classification using phenological data and the integration of spectral, VIs and elevation for

vegetation mapping.
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1.5. Conclusion

Seasonal variations in VIs helped to identify the optimal periods for acquiring RS imagery,
enhancing mapping accuracy by distinguishing invasive plants from natives. Fluctuations
in VIs were observed in winter and summer, reflecting leaf phenology. The study
showcased the effectiveness of multispectral images, VIs and elevation using the GEE
platform across seasons to identify 4. auriculiformis within Bhawal National Park. NDVI,
GRVI and GCI extracted evergreen invasive 4. auriculiformis effectively from native
deciduous forests in winter, due to phenological differences (Bradley, 2014). ARVI, NDVI
and GCI also detected A. auriculiformis in summer. RF classification in two steps showed
comparable performance. Composited datasets from all seasons improved identification, as
seasonal variations in spectral reflectance at various wavelengths increased invasive
species detection (Holland and Aplin, 2013). However, specific seasons captured the
species phenological traits more effectively. One limitation is the use of VIs derived only
from Sentinel-2A imagery with a resolution of 10 m. Integrating fine-resolution data
generally improves identification. Nevertheless, this research established a precise method
of detecting and monitoring the spread of invasive plants by RS and machine learning. This
contributes to the understanding of effective conservation strategies and supports global

efforts in combating biological invasions at a large scale.
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Chapter 2

Applicability of phenological spectral features to map invasive plants in

tropical moist deciduous forests

2.1. Introduction

Invasive plants harm biodiversity and the environments by disrupting native vegetation and
habitats (Tian et al., 2020). The detection of the spread of invasive species is essential for
ecosystem and biodiversity conservation (Bhaveshkumar et al., 2024). Remote sensing
(RS) is effective in mapping invasive species, using phenological informations from multi-
temporal image data (Xu et al., 2021). Phenological variations have been recognized as a
key indicator for detecting invasive species from the native vegetation (Bradley, 2014).
Vegetation phenology refers to the seasonal changes in plant growth, including greening,
maturing, shedding leaves, and dormancy that varies by species and aids in distinguishing
vegetation classes (Huang et al., 2025). Phenological information increases tree species
mapping accuracy, as different species have unique phenological patterns, and their spectral
characteristics during leafless or senescence improve species identification (Li et al., 2022).
Time-series images of Sentinel-2A (10 m resolution) obtained from Google Earth Engine
(GEE) catalogue were used for mapping invasive species, because time-series images have
proven to be more effective in mapping tree species (Kollert et al., 2021). A. auriculiformis
C. Cunn. ex Benth., an evergreen invasive tree, is widely spread across Bhawal National
Park, a protected area in Bangladesh and expand in warm, humid climates (Foster-Turley
et al., 2016; Heringer et al., 2019). The forest class of the area belongs to a tropical moist
deciduous forest (Toma et al., 2022). The park is now experiencing drastic land use changes
that led to habitat fragmentation (Alauddin et al., 2020), and this fragmentation is linked to
the spread of IAPs, as landscape disturbance influences invasion dynamics (Dodet and
Collet, 2012).

In this study, the phenological spectral difference between A. auriculiformis and
the coexisting native deciduous forests during specific phenological periods were examined
and an index was proposed to increase spectral separability using time-series RS data. The
multiple phenological periods were observed by constructing temporal profiles using
multiple vegetation indices (VIs). The ability of phenological spectral features was tested

on Random Forest (RF), Support Vector Machine (SVM) and the Classification and
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Regression Tree (CART) to discriminate invasive species from the native deciduous forests.
RF uses decision tree-based framework, because it is used for classifying invasive species
(Bhaveshkumar et al., 2024). SVM requires limited training data and prevents overfitting,
which improves classification (Grabska et al., 2020). CART is convenient to use with a
large training dataset (Arasumani et al., 2021). All image classification was conducted
using GEE platform. While Chapter 1 demonstrated how seasonal VIs with topography
supported classification strategies, this chapter focuses on developing phenology-specific
indices to refine spectral separability based on growth cycles.

The objective of the study is to (1) develop phenological spectral features-based
index (PVI) by compositing images from key phenological periods, (2) calculate spectral
separability index (SI) for A. auriculiformis separation and (3) apply multiple machine

learning classifiers for mapping the distribution of 4. auriculiformis.

2.2. Data and Methods

2.2.1. Study site

The study was conducted in Bhawal National Park, located 40 km north to Dhaka, the
capital city of Bangladesh (24°01°N, 90°20°E) (Figure 2-1). The park covers 50.2 km? and
1s designated as a protected area by [IUCN Management Category [V in 1982. It is classified
as a tropical moist deciduous forest (Toma et al., 2022), dominated by endangered,
deciduous tree, S. robusta Gaertner f. (Kabir and Ahmed, 2005). The climate is warm and
humid (Islam et al., 2014) with seasonal variations where dry season observed in February
to until mid-April and a wet rainy season from June to October (Shahid, 2010). Growing
season/greenness is marked from June to November as vegetation attains its peak in the
time of highest rainfall (Islam et al., 2021), while senescence (leaf-shedding) of native
deciduous forests occurs in dry winter season (Costa et al., 2014). The area experiences a
mean annual temperature of 25.6°C and annual precipitation of 2214 mm (Karim et al.,
2023). A. auriculiformis (Fabaceae), a fast-growing evergreen species, has been planted
across 26% of the forest area in the national park as a part of a plantation program by the
Forest Department of Bangladesh and grows broadly in the site (Rahman et al., 2010b;
Rangra et al., 2019). This species grows up to 30 m in height and attains a diameter of 30
cm at breast height at maturity, and its rapid growth even in nutrient-poor soils is supported

by its nitrogen-fixing ability (Zerkout et al., 2021).
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Sampling points used as ground truth for land use classes were recorded after
defoliation in March 2022, excluding inaccessible locations. Coordinates for each point
were measured by a portable Global Positioning System (Garmin Rino 750; Garmin

Corporation, Taipei, Taiwan). These points were used to train and validate the classification.

90°21' 90°24" 90°27" 90°30’

24°9'

Ground Truth Points
' Acacia auriculiformis

Shorea robusta

Mixed vegetation

Agricultural land
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Figure 2-1. The ground truth points (color-coded circles) recorded by a portable GPS are
mapped on Sentinel-2A images taken during winter (December 1, 2022, to March 15, 2023).
Difterent colored circles show different land use classes. The upper left corner of the figure
shows the study site location in Southwest Asia (top) and Bangladesh (bottom).

2.2.2. Datasets

The Sentinel-2A Multispectral Instrument (MSI) was used within GEE platform to map
invasive species through time-series analysis. Sentinel-2A MSI captures 13 spectral bands:
visible and near-infrared (NIR) at 10 m, red edge and shortwave infrared (SWIR) at 20 m,
and atmospheric bands at 60 m spatial resolution. Surface reflectance indices derived from
Sentinel-2A were used, offering data for monitoring vegetation dynamics. All available data
from December 2022 to November 2023 (covering all seasons) were filtered on GEE for
temporal analysis. Composite images containing phenological information were generated

from the datasets.
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Reference data were recorded throughout the study sites of various forest cover classes.
The data were collected in March 2022 to train and validate the output. The sampling points
were recorded by a portable GPS (Garmin Rino 750; Garmin Corporation, Taipei, Taiwan)
and converted them into shape files in ArcGIS 10.8. To analyze their phenological spectral
features, three classes of forest cover (S. robusta, A. auriculiformis and Mixed vegetation)

were made based on the field data.

2.2.3. The phenological spectral feature analysis

2.2.3.1. Cloud masking

The cloudy pixel was removed to filter Sentinel-2A images in the study site by cloud mask
function on GEE. The function was performed using 10th and 11th bits of QA60 bitmask
band that contains cloud mask information (Wang et al., 2021). The images with less than
5% cloud cover were used for the analysis.

2.2.3.2. Identifying key phenological periods

The spectral signatures of the three identified classes using all the data on selected years
were used. The temporal profiles of three spectral vegetation indices (VIs) were calculated
based on the green, blue, red, and NIR bands of Sentinel-2A and identified the phenological

periods of vegetation classes. The VIs used in this study are as follows:

1. Normalized Difference Vegetation Index (NDVI)

= (NIR - red)/ (NIR + red), where NIR is near-infrared (Tucker, 1979). NDVI is useful
for measuring vegetation health; related to green cover and biomass (Sapkota et al., 2025).

1. Green-Red Vegetation Index (GRVI)

= (green - red)/ (green + red), to detect dense vegetation, especially the forest canopy
(Shishir and Tsuyuzaki, 2018).

iii. Atmospherically Resistant Vegetation Index (ARVI)

=[NIR — (2 x RED) + BLUE]/ [NIR+ (2 x RED) + BLUE], to reduce the interferences
of atmospheric moisture, particularly in tropical regions affected by ash from slash-and-

burn agriculture (Kureel et al., 2022).

After analyzing the temporal profile of VIs, two phenological periods were
determined: senescence period from February to April and green period from June to

November. The senescence period represents the aging stage of plants that signifies their

36



deterioration, while green period is when plants are actively growing, represents healthy
vegetation (Caswell and Salguero-Gomez, 2013). Evergreen A. auriculiformis showed
different phenological patterns compared to native deciduous forests. A. auriculiformis
trees maintained high VI throughout the year (Figure 2-2), while deciduous forests showed

low VI during the senescence periods. All species showed high VIs during the green period.
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Figure 2-2. Temporal profile of NDVI corresponding to A. auriculiformis, S. robusta and
Mixed vegetation

2.2.3.3. Phenological features based image composition

From each VIs, two distinct seasonal composite images were generated to capture the
phenological variability: VI in senescence period (seVI) and VI in green period (grVI). The
seVIs and grVIs indicated spectral reflectance differences calculated from the training
samples of A. auriculiformis, S. robusta and Mixed vegetation. The seVI comprised
seNDVI, seGRVI and seARVI, while the grVI comprised grNDVI, grGRVI and grARVI,
corresponding to the senescence and peak greenness periods, respectively. These composite
processes minimized spatial phenological variation (Tian et al., 2020).

A new composite image was created by combining the grVIs and seVls into a single

composite vegetation index (CVI) by the median pixel of each period. Finally, from CVIs,

37



the phenological spectral feature-based indices (PVI) were calculated for each VI: namely
PNDVI, PGRVI and PARVI. These VIs were designed to reflect seasonal changes in
vegetation by capturing the variations in spectral signals. The following two equations

(Bhaveshkumar et al., 2024; Xu et al., 2021) were used:

1. CVI=seVI+gVI
1i. PVI = CVI/ (CVImax - CVImin), where CVImax and CVImin indicate maximum

and minimum of calculated CVIs, respectively.
The generated images offered a standard approach for capturing phenological
characteristics of plants species (Tian et al., 2020). Ther inter-class variabilities for spectral
separability of A. auriculiformis from S. robusta and Mixed vegetation were calculated by

separability index (SI). SI was calculated by following equation (Xu et al., 2021):

Slaj = Aintergj/Aintragj = (La - 1)/1.96 % (64 + o),

where Slg; refered to the SI between A. auriculiformis and one of the other two classes

(denoted as a and j respectively). x4 and ¢ denoted mean VI and standard deviation of PVI,

respectively, for classes @ and j. Higher SI indicated higher separability between classes.

2.2.4. Mapping invasive A. auriculiformis distribution

Using phenological differences among vegetation classes, pixel-based image classification
was applied using RF, SVM and CART. PNDVI, PGRVI and PARVI were added into image
classification on RF, SVM, and CART. RF is an ensemble method for land cover
classification using multispectral and hyperspectral images, offering higher accuracy and
noise robustness than single classifiers (Rebelo et al., 2021). SVM is a supervised
classification method that separates data into classes using an optimal decision boundary
with the help of training data (Kaul and Raina, 2022). CART creates DT by splitting data
at a point and cutting unnecessary parts to reduce overfitting (Bhaveshkumar et al., 2024).
The accuracy of the classifications was assessed using a set of ground truth points recorded
from the field observations with confusion metrices and kappa coefficients (k) (Aji et al.,

2023; Kuplich, 2006).
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2.3. Results

2.3.1. Analysis of time series of different indices

The temporal profile of each VIs showed distinct phenological features of A. auriculiformis
from the native species (Figure 2-3). S. robusta exhibited a seasonal cycle, with peaking
VIs in green period and declining in senescence period. In contrast, A. auriculiformis
maintained constantly higher VIs throughout the year with less seasonal fluctuation, due to
evergreen. The Mixed vegetation showed intermediate VIs due to the mixture of deciduous
and evergreen trees.

NDVI for the green period reached up to 0.83 for A. auriculiformis, 0.84 for S. robusta
and 0.81 for the Mixed vegetation. NDVI in senescence was 0.35 to 0.67 for S. robusta and
Mixed vegetation, while it was higher for 4. auriculiformis from 0.45 to 0.77.

The temporal profile of GRVI showed higher for 4. auriculiformis in senescence than
S. robusta and Mixed vegetation. The ARVI profile was stable for A. auriculiformis in the

senescence.
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Figure 2-3. Temporal profile for different VIs for year 2022 to 2023: (a) NDVI, (b) GRVI
and (c) ARVI
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2.3.2. Separability analysis

seVIs indicated differences in spectral reflectance among vegetation classes in senescence
period (Figure 2-4). The three distinct curves were obtained by spectral patterns among the
classes. S. robusta showed a sharp peak around 0.53 to 0.56, indicating homogeneously and
moderately green vegetation. Mixed vegetation displayed a broader distribution centered
around 0.50 to 0.53, reflecting moderate greenness with variability. A. auriculiformis has a
flatter, more spread-out curve with a peak around 0.58 to 0.60, suggesting higher and more
variable greenness during senescence compared to S. robusta and Mixed vegetation. The
result demonstrated that seVIs was effective in separating 4. auriculiformis from the native

vegetation during the senescence period.
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Figure 2-4. Frequency curves of VIs in senescence period (seNDVI, seGRVI and seARVI)

The frequency curves of VIs in the green period (grNDVI, grGRVI and grARVI)
showed the changes in frequency and pixel values for each class (Figure 2-5). The range

of grVIs of A. auriculiformis had a large overlap with S. robusta and Mixed vegetation
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classes, indicated the higher vegetation greenness made A. auriculiformis detection difficult.
However, the frequency curves showed potential overlap in pixel values for inter-class

separability, resulting in mixed pixel values and decreased classification accuracy.
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Figure 2-5. Frequency curves of VIs in green period (grNDVI, grGRVI and grARVI)

PVIs reduced the greenness overlap in grVIS and seVIs. The frequency curve of
PNDVI and PARVI showed effectiveness in inter-class variabilities among classes by
neutralizing peak greenness during the green and senescence periods (Figure 2-6). For
example, in PNDVI, 4. auriculiformis presented a flatter distribution with higher pixel
value, peaking near 0.59. S. robusta exhibited a sharp, narrow peak around 0.55, reflecting
spectral consistency. Mixed vegetation showed intermediate variability. The inter-class
variability, particularly in the range of 0.50 to 0.63, supported effective differentiation of 4.
auriculiformis from S. robusta and Mixed vegetation using pixel thresholding in PNDVL
The results indicated that A. auriculiformis had distinctly higher PVI values, especially
during the senescence and transitional times, compared to S. robusta and Mixed vegetation.

These consistent spectral differences enabled clear separation based on PVI.
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Figure 2-6. Frequency curves of PVIs (PNDVI, PGRVI and PARVI)

Figure 2-7 shows the spectral separability (SI) value of seVIs, grVIs and PVIs.
The seVIs achieved higher separability index (SI) values (SI > 0.25) compared to PVIs and
grVIs when distinguishing 4. auriculiformis from both S. robusta and Mixed vegetation. In
contrast, grVIs yielded the lowest SI values (SI < 0.03), indicating that A. auriculiformis is
more spectrally distinct during the senescence period than in the green period. Among all
indices, PARVI exhibited the highest separability, with an SI of 0.41 in distinguishing A.
auriculiformis from S. robusta and 0.18 from Mixed vegetation. This result demonstrated
PARVI and seARVI were the most effective indices for capturing phenological contrasts

and maximizing class separability during senescence.
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Figure 2-7. S value of the VIs between different classes: (a) 4. auriculiformis vs S. robusta
and (b) 4. auriculiformis vs Mixed vegetation

2.3.3. Classification performance evaluation

Supervised classification using RF, SVM and CART based on the PVIs effectively mapped
the distribution of 4. auriculiformis in the study site (Figure 2-8). The mapping showed
that machine learning algorithms assisted distinguishing invasive species from the native
vegetation and land cover classes. Due to spectral similarities observed among vegetation
classes, this study aimed to evaluate the efficiency of each classifier in using phenological

spectral characteristics to improve class separability.
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Figure 2-8. Separation and distribution of 4. auriculiformis from vegetation and land cover
classes using different algorithms: (a) RF, (b) SVM and (c) CART.

Among the three tested classification models, RF achieved the highest accuracy
(overall accuracy, OA = 87%) with x of 0.83, demonstrating its effectiveness to detect A.
auriculiformis. SVM followed with an OA of 82% with x of 0.78, while CART exhibited
the lowest performance (OA = 63% with a x of 0.42). Therefore, RF was the most effective

for mapping A. auriculiformis due to its ability to operate high-dimensional spectral data.
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RF can capture complex patterns of spectral overlapping between invasive and native
vegetation in certain phenological periods. In addition, incorporating phenological spectral
features across phenological periods improved classification accuracy. The enhanced inter-
class spectral separability reduced the misclassification and improved A. auriculiformis
discrimination from vegetation classes. Selecting the classifier and leveraging phenological

spectral characteristics were important for invasive species mapping.

2.4. Discussion

2.4.1. Usefulness of phenological spectral features

A phenological composite incorporating senescence and green periods in VIs was examined
by the spectral separability on vegetation classes. The method maximized the inter-class
separability by identifying and combining phenological characteristics in the vegetation
classes. The time-series images obtained from multiple phenological periods improved the
spectral separability of invasive species, because these images cover all seasons and key
growth stages, aiding classify vegetation classes (Tian et al., 2020). Also, the phenological
changes in VIs improved mapping accuracy by highlighting unique spectral patterns on
each species (Li et al., 2022). The utilization of these attributes had proven to be effective
in enhancing spectral separability because of specific phenological pattern of species (Fang
et al., 2020).

Two important phenological periods were identified to separate A. auriculiformis from
other vegetation classes. The phenological periods examined from the time-series analysis
effectively captured the key seasonal traits essential for detecting A. auriculiformis without
redundancy because time series data is able to capture differences in surface reflectance
related to phenological variation among vegetation classes (Hu et al., 2019). NDVI, GRVI
and ARVI characterized the phenological spectral characteristics that developed PVIs. PVIs
facilitated the inter-class separability by combining the phenological features from each
vegetation class. Because the seVIs represented the green pixels in the senescence period,
evergreen A. auriculiformis set it apart from native deciduous forests. In contrast, grVIs did
not contribute to separate vegetation classes as trees were in their growing stage with dense
canopy. During the green period, high biomass of all tree species led to mixed pixel
structures (Khare et al., 2018). The seVIs were quick and effective because the leaf-off

season created a strong spectral contrast between evergreen and deciduous species, making
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their detection easier based on phenological difference (Bradley, 2014). However, seVIs
were season-specific, depending on the timing of image acquisition. PVIs, the composite
of senescence and green periods, facilitated the discrimination of A. auriculiformis by
capturing its spectral reflectance in both phenological periods. PVI effectively traced plants
growth cycles and phenological differences, making it valuable for vegetation mapping
(Bhaveshkumar et al., 2024; Xu et al., 2021). The main advantage of PVI was its ability to
generalize across time by compositing distinct phenological periods, therefore improved
mapping accuracy for large-scale and long-term vegetation monitoring (Tian et al., 2020).
Though PVI reduced misclassification, it may introduce complexity during processing
multi-temporal data compared to using single-season indices like seVIs. However, seVIs
are simple and performed well in senescence season but may be less effective at other times.
PVI, though more complex, improved class separation and performed across seasons by
using multi-temporal data (Figure 2-7).

SI indicated the potentiality of each VIs in enhancing inter-class spectral separability
of A. auriculiformis from S. robusta and Mixed vegetation. Spectral separability increased
when the phenological spectral features were added (Li et al., 2022). PARVI reached the
highest separability that effectively improved the classification accuracy. The senescence
period helped the most in enhancing separability between A. auriculiformis from S. robusta,
along with Mixed vegetation class. The separation of A. auriculiformis was notified by
considering the variation of plant phenological traits (Figure 2-6). Therefore, in this study

it was effective to combine two phenological periods to separate invasive species.

2.4.2. Classification with the phenological spectral features

The phenological spectral feature-based VIs were applied to evaluate the performance
improvement of RF, SVM, and CART in invasive species mapping in a protected area. The
separability of PVIs can be explained by high spatial and temporal resolution of satellite
images and composition technique. Machine learning algorithms relies on various features,
e.g., field data, spectral, textural, and geometric features for classification, with classifier
selection played a key role in accuracy (Bhaveshkumar et al., 2024). The freely accessible
Sentinel-2A images with high spatial and temporal resolution were used for classification.
The training data set was developed from field observations and used in classifications to
classify land cover and vegetation classes for invasive species detection. The training
dataset was carefully chosen, as it is essential for phenology-based feature selection and

classification (Hu et al., 2019). The accuracy of all three classifiers considerably varied
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when their performance was considered in classifying vegetation using their phenological
features. In our study, RF outperformed SVM and CART classifiers, and produced highest
OA and . The performance of RF indicated PVIs with image composition technique
captured the greenest stage from both phenological stages, enhancing inter-class
separability among vegetation classes. This was due to the performance of RF in land cover
classification, especially in detecting invasive species within diverse vegetation (Belgiu
and Dragut, 2016; Rebelo et al., 2021). The senescence was observed in the deciduous
forests started from late February to mid-March, while 4. auriculiformis also experienced
senescence but began leaf flushing earlier. This clear difference was detected using dense
satellite time-series data, which helped to extract clearer spectral signatures of vegetation.
The high accuracy of RF to detect 4. auriculiformis using phenology-based VIs highlighted
the value of considering phenological differences in invasive species mapping.

The distinct phenological differences were explored between A. auriculiformis and
deciduous forests, with spectral separation improved by PVIs and seVIs. Since each
vegetation class follows a unique growth rhythm and phenological pattern (Xu et al., 2021),

these indices prove useful for classification.

2.5. Conclusion

This study demonstrated the effectiveness of indices derived by phenological spectral
features for detecting and mapping an invasive species, A. auriculiformis, from the natives.
Using VIs during both green and senescent periods, spectral separability was maximized.
The senescence period proved to be most effective in distinguishing 4. auriculiformis from
other vegetation classes. The PVIs minimized the influence of greenness during the peak
growing season, enhancing spectral separation. PARVI and seARVI were the most reliable
indices for detecting 4. auriculiformis, capturing subtle spectral variations in vegetation.
Incorporating phenological attributes improved the performance of machine learning
classifiers, RF in this study, for mapping A. auriculiformis distribution. The use of high-
resolution spatial and temporal time-series data differentiated invasive species from native
vegetation, particularly during the senescence period. These findings can help ecologists
and forest managers by showing when and how to detect invasive species accurately. This
improved understanding supports and strengthens the global efforts to monitor and map

invasive species to manage biological invasion more effectively.
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Chapter 3

Remote Sensing-MaxEnt framework for monitoring and predicting the

spread of invasive Acacia auriculiformis in a protected area

3.1. Introduction

Tree plantation is a strategy for mitigating degraded ecosystems after deforestation that
leads to the loss of biodiversity and ecosystem functions (Lee et al., 2005). Fast-growing
non-native trees, such as Pinus, Acacia and Eucalyptus, are often used for reforestation by
transplantation and often invade disturbed habitats (Dodet and Collet, 2012). Transplanted
invasive alien plant species (IAPs) alter both transplanted habitats and natural ecosystems
(Makobe et al., 2024; Simberloft, 2000), leading to the extinction of endemic plant species
(Duenas et al., 2021). IAPs caused the extinction of 25% of plant species globally (IUCN,
2017). To protect endemic species, protected conservation areas (PAs) are essential for
limiting the spread of IAPs (Bhatta et al., 2024). However, afforestation by IAPs has been
performed in the Bhawal National Park, a protected area in Bangladesh, to reforest the area
promptly (Rahman et al., 2010b). S. robusta Gaertner f., a native, deciduous, dominant tree,
has been assigned as a least concern (LC) in the Red List (IUCN, 2017). The endemic
forests, consisting of S. robusta, in the park have been threatened, mostly due to the spread
of A. auriculiformis A. Cunn. ex Benth (Fabaceae) from the plantation (Masum et al., 2016;
Rahman et al., 2010a).

Many alien species have traits that help them to invade new areas successfully (Dodet
and Collet, 2012). The spread of IAPs is largely influenced by the combination of species-
specific traits and environmental factors, particularly soil-disturbing disturbances like land
use change, forestry, and increased accessibility (Cesar et al., 2017). Incorporating the
anthropogenic viewpoint is crucial (Adionyi et al., 2024), as human-induced disturbances,
e.g., land use changes accelerate the spread of non-native species, shaping their distribution
pattern (Warziniack et al., 2021). Once established in these fragmented areas, non-native
species migrate from human modified areas into natural forests using roads and other linear
corridors for dispersal (Lazaro-Lobo et al., 2021). The detection of IAPs is desirable at the
initial stages of invasion, because early detection promotes the prediction of potential sites
for transplantation and invasion (Chiou et al., 2016; Santillan et al., 2021). Mapping the

distribution of IAPs reveals introduction pathways, secondary spread patterns and invasion
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prone land use class (Szymura et al., 2023). The Maximum Entropy species distribution
model (hereafter MaxEnt) has been widely used to predict potential and initial distributions
of TAPs (West et al., 2016), with an advantage that this model does not require absence data
(Ma and Sun, 2018). Distribution of IAPs often lacks absence data (Véclavik and
Meentemeyer, 2009). MaxEnt investigates the relationships between species distribution
and environmental factors (Moreno-Amat et al., 2015). This model has not been examined
to afforestation well (Santillan et al., 2021), even though the immigration source of IAPs
often originates from afforestation due to their fast-growth nature.

Mapping and predicting the spread of IAPs are the primary steps for controlling A.
auriculiformis on a regional scale. The perception and management of Acacias are different
around the world, with management practices influenced by environmental factors and
disturbance patterns (Richardson et al., 2011). Predicting where invasive species may
spread helps planners take quick action, manage risks and plan for long-term control (Bushi
etal., 2023). Remote Sensing (RS) data was integrated with MaxEnt because RS is effective
for detecting and mapping the distribution of IAPs at regional scale (Halmy et al., 2019;
Rocchini et al., 2015), particularly at the initial invasion stages (Bradley, 2014). This study
used RS data related to the phenology of plant species for the better understanding of habitat
characteristics (Cord et al., 2014; Pettorelli et al., 2005). To examine the phenology on the
modelling, I added vegetation indices (VIs) which are common RS indicators of vegetation
dynamics (Schwager and Berg, 2021). Recent studies showed adding VIs in distribution
model enhanced the habitat model performance (Wen et al., 2015). Therefore, this study
combined RS with MaxEnt to detect and predict the distribution of A. auriculiformis, while
determining the most relevant set of factors driving its distribution.

The major objectives were: (1) detect the current distribution of 4. auriculiformis, (2)
identify key environmental factors affecting the distribution and (3) evaluate the efficiency
of RS with MaxEnt. This integrated framework can guide ecosystem conservations by
prioritizing the management and monitoring of invasive species and offer valuable tools

for ecological models to combat biological invasion.
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3.2. Data and materials

3.2.1. Study site related to invasive species

Bangladesh has 17 national parks (Alauddin et al., 2020). Of them, Bhawal National Park
(50.2 m?) was selected for the study, because of the large area and high biodiversity that is
reduced by human-induced disturbances, including biological invasion (Figure 3-1). The
transplantation of 4. auriculiformis has been primarily conducted by the government lead
plantation program and partly by illegal logging (Alauddin et. al., 2020; Masum et al.,
2016). The park is a designated protected area (IUCN management category V), located
to 40 km north of Dhaka, the capital city of Bangladesh (24°01'N, 90°20'E) (Figure 3-1).
The natural vegetation of this region is classified into tropical moist deciduous forest
(Masum et al., 2016). The mean annual temperature is 25.6°C and annual precipitation is
2214 mm in this region (Karim et al., 2023). The topography in the forest area varies from
10 to 15 m above the surrounding floodplains (Islam et al., 2014). The predominant soil

type ranges from red laterite to Pleistocene clay, with a clay content of 70% (Roy et al.,

2024).
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Figure 3-1. Topography of Bhawal National Park showing with the locations of A.
auriculiformis (red circles) and settlement (green triangle) recorded in the field
observations. The coordinates of the locations are determined by a portable GPS. The
locations of the study site in Southwest Asia (top) and Bangladesh (bottom) are shown in
the upper left corner of the figure. The road network of the area is also shown.
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The Forest Department of Bangladesh practices exotic monocultures by the fast-
growing exotic species, including A. auriculiformis, with a rotation period of 10 to 12 years
in the park (Alauddin et al., 2020; Haque et al., 2021). A. auriculiformis has been planted
in 26% of S. robusta forests by governmental led plantation program (Rahman et al., 2010b).
Nowadays, A. auriculiformis, a nitrogen- fixing and evergreen tree, is commonly found in
the protected area (Foster-Turley et al., 2016; Rangra et al., 2019). 4. auriculiformis
frequently outcompetes native flora and offers little support to wildlife, as it lacks edible
fruits or nectar (Rahman et al., 2010a). Long-lived and easily dispersed seeds, disturbance-
induced germination, water stress resistance ability, and flexible nitrogen-fixing symbiosis
aid its easy spreading and impact the ecology (Hui et al., 2014). The tree grows up to 30 m
in height and 30 cm in diameter at breast height when mature (Zerkout et al., 2021). A.
auriculiformis thrives in warm climate with temperatures between 12°C and 34°C and
humid environments with annual rainfall between 1000 mm and 4500 mm (Heringer et al.,
2019). A. auriculiformis absorbs more nutrients with its deep roots, saves energy by its
long-lasting leaves, and phenological difference, which together support its fast-growth and

gain advantages of dominating native species (Morris et al., 2011; Smith, 2013).

3.2.2. Measurement of A. auriculiformis plantation

The distribution of 4. auriculiformis was investigated by field observations in early March
2022. The presence of A. auriculiformis was recorded from 129 locations across study site.
The forest patches, reflecting human-induced disturbances, were also chosen for handling
MaxEnt for modeling the fragmented landscapes. The coordinates (latitude and longitude)
on each location were marked by a portable GPS (Garmin Rino 750; Garmin Corporation,

Taipei, Taiwan).

3.2.3. Measurement of environmental factors

To detect environmental determinants on 4. auriculiformis distribution, eleven factors were
examined by MaxEnt: annual precipitation (mm, hereafter, precipitation) and annual mean
temperature (°C , temperature) as climatic factors obtained from the Terra Climate image
collection, elevation (m) as topographic factor from the Advanced Land Observing Satellite

(ALOS) digital elevation model (DEM, 12.5 m resolution ) and organic carbon (OC, g/kg),
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pH and nitrogen (N, g/kg) as soil chemistry factors from Open Land Maps. These data were
accessed and handled through the Google Earth Engine (GEE) cloud computing platform
and clipped to fit the study site (Gorelick et al., 2017).

To examine the effects of human activities, population density (/km?), distance from
the nearest road (m, distance from road) and distance from nearest settlement (m, distance
from settlement) were used. Population density was obtained from gridded population of
the world (version 4) in 2020 with a resolution of 30 arc-second, approximately equivalent
to 1 km grid cells through GEE. All types of human-made structures, such as household,
educational institutes, shops, industries etc. were included as settlement. The locations of
settlement were recorded during field observations and the distance from settlement was
calculated using Sentinel-2A images (10 m resolution). Based on the digitization, distance
from road were calculated. Euclidean distance from road and settlement to the surrounding
areas were calculated using the Spatial Analyst tool in ArcMap 10.8.

VIs was added to improve accuracy by capturing unique spectral features of tropical
environments and reducing the atmospheric influence. Normalized Difference Vegetation
Index (NDVI) and Green-Red Vegetation Index (GRVI) were calculated using composite
images obtained in winter season (December to early March 2022) from Sentinel-2A (10

m resolution) from GEE:

1. NDVI = (NIR - red)/ (NIR + red) (Tucker, 1979)
il. GRVI = (green - red)/ (green + red) (Yin et al., 2022)

The range of VIsis -1 to 1. The dissimilarities in the spectral reflectance were observed
in winter between evergreen and deciduous vegetation due to the defoliation of deciduous
trees. NDVI detects various forest by reflecting seasonal changes in leaf phenology (Jiang
et al., 2014), while GRVI extracts dense and green vegetation (Shishir et al., 2020). These
VIs helped the model to accurately detect the presence of A. auriculiformis by enhancing
its discriminatory power.

To harmonize environmental layers with varying spatial resolutions, all the layers were
resampled to a uniform resolution of 10 m using the bilinear resample technique in ArcGIS
10.8 and reprojected to WGS84 coordinate system. The resampling method ensures data
consistency (Li et al., 2025) and also, matches their geographic extent (Padalia et al., 2014).
Since all environmental factors were obtained by raster format, these data were converted

to vector format prior to input into MaxEnt. Because spatial autocorrelations among the
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environmental factors led overestimation of the predicted distribution (Zhang et al., 2019),
the Pearson correlation coefficients (r) were calculated among the environmental factors
and the autocorrelated factors (» > 0.7) were removed (Xu et al., 2019). Nine factors
remained in the model, precipitation, temperature, elevation, distance from road, distance

from settlement, population density, NDVI in winter, soil nitrogen and soil organic carbon.

3.2.4. Model evaluation

The nine environmental factors were ran on MaxEnt (version 3.4.1) (Phillips et al., 2006).
I selected 75% of the sample data randomly as the training set, while the remaining 25%
was used as testing set (Zhang et al., 2018b). Model calibration and robustness were
performed by the area under the curve (AUC), ranging from 0 to 1, of the receiver operating
characteristic (ROC) along a jackknife randomization test (Zhang et al., 2019).

The AUC evaluates the ability of model to accurately rank the likelihood of presence
(sensitivity) vs absence (specificity) by comparing observed and predicted target species
distributions (Mkungo et al., 2023). When AUC exceeds 0.90, the model performance is
precise (Yi et al., 2016). The jackknife test assesses the contribution of each factor to the
distribution (Liu, et al., 2019). The impact of environmental factors was evaluated by the
percent contribution, permutation importance and the drop in training gain when each factor
was removed. The percent contribution indicated the contribution of each factor to species
distribution, permutation importance showed the reliance of model on that factor and the
drop in training gain reflected the unique ecological information the factor provides about
habitat preferences of the species (Wang et al., 2020). A response curve (RC) was generated
to examine the distributional relationships between the target species and environmental
factors (Abolmaali et al., 2018).

Maxent predicted the probability of presence, showing the habitat suitability for the
target species. The habitat suitability was classified, ranging from 0 to 1, into five classes
at 0.2 intervals: optimal (0.8-1.0), high (0.6-0.8), moderate (0.40-0.6), marginal (0.2-0.4),
and poor (0.0-0.2) (Santillan et al., 2021).
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3.3. Results

3.3.1. Environmental factors affecting A. auriculiformis distribution

MaxEnt showed that, in the park, 7.2% of area (3.6 km?) was optimal for the establishment
of A. auriculiformis, followed by 10.8% (5.4 km?) of high suitability and 20.3% (10.2 km?)
of moderate suitability (Figure 3-2). The range of suitable habitats was clustered in regions
where the most land transformation and disturbance activities occurred. The results showed

that suitable habitats were in areas affected by human activities.

Habitat suitability
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Figure 3-2. The potential habitats for A. auriculiformis trees in the Bhawal National Park,
predicted by MaxEnt
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The jackknife test was applied to determine the important environmental factors for 4.
auriculiformis distribution (Figure 3-3). The jackknife test showed that distance from

settlement explained 31.3% of A. auriculiformis distribution, followed by NDVI in winter

that explained 24.3%, population density (17.2%), N (6.2%), and distance from road (5.7%).

The precipitation and temperature explained 5.3% and 2.1% of distribution, respectively.

OC contributed 6.1%. Elevation showed the lowest contribution, 1.9%.
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Figure 3-3. Contribution of factors to the distribution of A. auriculiformis predicted by
MaxEnt, examined by jackknife randomization test. The regularized training gain describes
how better the Maxent distribution fits the presence data compared to the assumption of
uniform distribution. The dark blue bars indicate the gain from each factor in isolation, the
light blue bars indicate the gain lost by removing the single factor from the full model, and
the red bar indicates the gain from using all the factors.

The impact of environmental factors in the distribution was evaluated based on their
percent contribution, permutation importance, and the drop in training gain (Figure 3-4).
The human-induced disturbance factors, distance from settlement had higher intensity in
terms of percent contribution (36.4%), permutation contribution (31.3%), and larger value
in the drop in train gain. The human population density and distance from road also had
disturbance intensity with percent contribution of 17% and 8.2% and permutation
contribution of 17.2% and 5.7% respectively, with larger drop in gain. The results indicated
that human disturbance factors contain information that was distinct and not shared by other
factors, highlighting its unique role in predicting the distribution of A. auriculiformis. The

NDVI, precipitation and soil nitrogen showed significant information.
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Figure 3-4. The importance of environmental factors to the distribution model evaluated
by percent contribution, permutation importance, and drop in training gain without the
variable.

The RC of environmental factors indicated that two distance factors, settlement and
road, created favorable conditions for growth of A. auriculiformis (Figure 3-4), showing
that this species had not immigrated largely to unpopulated areas. The RC of distance from
settlement and road showed that the highest probability of presence occurred within 1000
m from the settlements and within 500 m from the roads. The RC of winter NDVI showed
that, as NDVI increases, the probability of A. auriculiformis presence increased. As an
evergreen species, it thrived with more green vegetation when deciduous species underwent
foliage, making winter NDVI a reliable indicator of its distribution. The RC of population
density showed the presence of invasive plants declined with increasing population density,

as land use changes became more intense.
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Of the climatic factors, 4. auriculiformis established more with higher precipitation
(Figure 3-4). Soil OC showed peak along with the concentration gradient, showing that
optimal OC was present for the establishment of A. auriculiformis. Soil N and temperature

affected the distribution of A. auriculiformis distribution less.
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Figure 3-5. Response curves for probability of presence with most contributed factors for
A. auriculiformis distribution

3.3.2. MaxEnt model performance

The AUC in the ROC curve in MaxEnt was 0.934 for training run and 0.898 for test run
(Figure 3-6), indicating that the model performed well. The results showed that the model
detected A. auriculiformis presence and spread effectively. This high AUC reflected that
MaxEnt was robust in identifying the environmental conditions that A. auriculiformis

favored.
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Figure 3-6. The AUCs for predicting the potential A. auriculiformis distribution by MaxEnt.
The red lines show the fit of the model to the training data. The blue lines indicate the fit
of the model to the testing data.

3.4. Discussion

3.4.1. Distribution of A. auriculiformis

The tropical moist deciduous covers 4.7% of forest area in Bangladesh and is unevenly
distributed in the country (Rahman et al., 2010b). Bhawal National Park is in the central
deciduous forest of Bangladesh, where 75% of the forest cover has been lost in the last two
decades due to intense human activity, and only 10% area is now protected to conserve the
forest and its biodiversity (Masum et al., 2016). The MaxEnt analysis was done only within
the protected area (50.2 km?) to keep the results accurate because this area has diverse
vegetation and the land is mostly fragmented outside the park due to human activities and
there is less vegetation cover which makes the environment very different. Since the study

focused on finding invasive species early to protect native plants, working inside the park
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made it easier to get clear and reliable results. If the area included land outside the park, the
vegetation would be quite different, making the analysis harder. Staying inside the protected
area gives better and more meaningful information about where invasive species might
spread.

AUCs in MaxEnt confirmed the accurate mapping of A. auriculiformis, suggesting
that the prediction and control of 4. auriculiformis by MaxEnt are possible, based on the
distribution of environmental factors (Vaclavik and Meentemeyer, 2009). The determinant
related to human activities were influential to the model. The results suggested that the
manipulation of human activities is related to establishment of 4. auriculiformis. Human
activities seem to modify dispersal pathways by reshaping niches and geographic barriers
(Li et al., 2025). Settlements and roads provided a measure of disturbances that facilitated
the expansion of invasive species by increasing accessibilities (Simpson et al., 2011). The
road network should promote the spread of A. auriculiformis. IAPs often disperse along
roads, as roads create disturbed areas and act as corridor that help in movement and spread
(Dodet and Collet, 2012; Nath et al., 2019). The probability of A. auriculiformis presence
decreased with increase in population density, although densely populated areas are more
susceptible to distribution of invasive species (Tu et al., 2021). The study site experienced
a remarkable changes in land use, i.e., urban expansion and agricultural intensification
(Alauddin et al., 2020), which alter habitat suitability and reduce the A. auriculiformis
presence. The results suggested that densely populated areas, despite having more
settlements, have unsuitable habitats for A. auriculiformis, due to intense and frequent
changes in land use. However, the study found that human-induced disturbances, i.e., land
use changes promote invasive species spread by altering disturbance patterns (Manier et al.,
2014).

NDVI in winter affected the distribution of A. auriculiformis, underscoring the
effectiveness of VIs. By considering the distinct spectral signatures of 4. auriculiformis
from deciduous natives, high NDVI succeeded in detecting 4. auriculiformis (Jiang et al.,
2014). The results confirmed that A. auriculiformis had already been established in native
forests and that NDVI effectively detected its presence in the park.

Although precipitation and temperature are determinants on plant distribution (Poorter
and Nagel, 2000), these two factors affected less on distribution of A. auriculiformis. One
reason is fluctuations of these climatic factors were small in the area examined. Although
their individual contributions were small, these factors should be included in the model

because climate and edaphic factors interact to shape species distribution (Taylor and
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Kumar, 2013). Because A. auriculiformis is a nitrogen-fixer, the establishment of species
is not affected largely by soil N and establishes even on N-poor habitats largely (Norisada
et al., 2005).

3.4.2. Effectiveness of RS and MaxEnt for mapping A. auriculiformis

Combining VI from RS data and species occurrence data helped the model to locate areas
at risk of invasion (Adionyi et al., 2024). I therefore considered winter season, characterized
by defoliation of deciduous trees. NDVI showed the unique reflectance pattern of the plant
species the model is trying to map (Schwager and Berg, 2021). In this study, the calculated
winter NDVI obtained high contribution in MaxEnt and showed strong predictive power
for mapping the distribution of A. auriculiformis. This is because winter NDVI captures
spectral differences between evergreen and deciduous species (Sultana et al., 2025). Such
season-specific phenological signals reflect underlying ecological variation, making winter
NDVI a valuable predictor for invasive species distribution modeling (Wen et al., 2015).

Given the study’s focus on current distribution, including winter NDVI in MaxEnt was
appropriate as it highlighted phenological differences between evergreen invasive species
and deciduous natives. Seasonal VIs from satellite imagery improved Maxent predictions
by capturing dynamic vegetation pattern over time (Mahmoud et al., 2025). Thus, winter
NDVI provided meaningful explanatory power in the detection-oriented context of the
study and supported the ecological basis of the model.

While elevation affects tree cover and increases the accuracy of species distribution
prediction (Ahmadi et al., 2023), the elevation did not affect the accuracy of prediction.
Although elevation did not function significantly as a predictor due to the continuous land
use changes observed in the study area, it is still a useful variable for assessing species
distribution, as it influences the establishment of non-native species (Lazaro-Lobo et al.,
2021). The A. auriculiformis distribution in this study was influenced highly by land use
changes through plantation, settlement and other human disturbances. In the surveyed
national park, finer scale factors, such as NDVI, affected the distribution of target tree

species (Heshmati et al., 2019).

61



3.4.3. Implications for management planning

A. auriculiformis is already widespread in Bhawal National Park where human activities
are high. Since planted non-native species often become invasive (Schutzenhofer et al.,
2009), for planning suitable conservation strategies of native ecosystems, the dynamics of
invasive species should be clarified (Saito and Tsuyuzaki, 2012). To promote the exclusion
of IAPs, examining the potential distribution of IAPs is required at regional scale or larger
(Foxcroft et al., 2017). To obtain the potential distribution, the current distribution should
be censused carefully (Choudhury et al., 2016). Because MaxEnt only requires presence
data, conducting a census is completed in a short time compared to a presence/absence
census. Based on the prediction, effective strategies can be decided for monitoring to
protect natural forests. In addition, MaxEnt is likely to apply the prevention of the
establishment of IAPs based on the distribution prediction (El-Barougy et al., 2021).
Habitat disturbance should be considered for IAP management (Cesar et al., 2017).

Of the nine environmental factors, human activities affected primarily the distribution
of A. auriculiformis. Even in protected areas, including Bhawal National Park, human
activities as a measure of disturbances were prime determinants on the establishment of
IAPs (Shackleton et al., 2016). The probability of A. auriculiformis presence showed
minimal variation across the examined ranges of temperature and soil N. This is likely due
to the narrow range of the factors, which influenced less the distribution of 4. auriculiformis.
In regions with greater climatic and topographic diversity, these factors warrant more
thorough investigation.

This study highlighted that invasive species are not always restricted to ecologically
or climatically suitable habitats; rather, human disturbances enable their distribution even
in unsuitable environments. By integrating human disturbances into the model, the study
detected the role of human activities in invasion patterns and underscored the importance
of managing human-induced disturbances and monitoring vegetation changes as key

strategies for controlling invasive species spread and preserving native forest ecosystems.

3.5. Conclusion

Plant invasion is often promoted by exotic plantations. This chapter focused on the research
effort on invasive plantation trees. This study explored the presence of invasive species

with environmental factors. MaxEnt at large scale, examined by RS, predicted A4.
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auriculiformis distribution well. The result demonstrated that the park close to roads and
settlements accelerated the expansion of A. auriculiformis due to disturbances. Using the
phenological differences between evergreen and deciduous trees, winter NDVI detected A.
auriculiformis distribution. MaxEnt and its associated models should be utilized to identify
the potential areas for transplantation as well as ecological zones at risk to prevent further
expansion. Integrating with remote sensing, MaxEnt is a frequently and rapidly updated,
evidence-based planning tool.

Forest managers utilize MaxEnt to mitigate biological invasions by (1) understanding
the ecological impact of 4. auriculiformis, (2) monitoring the spread of 4. auriculiformis
and mapping invasion pathways over time. The study emphasized the need for disturbance-
focused and long-term management strategies. The result can be used as a tool for the risk
assessment of potential future invasion. However, although spatial details may be limited,
the model offered valuable guidance for understanding regional invasion dynamics and

informing large-scale management and conservation efforts as well as monitoring activities.
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General Discussion

This study investigated seasonal RS data and species distribution modeling to improve the
detection and mapping of 4. auriculiformis, focusing on phenological dynamics within
tropical moist deciduous forests. The detection of A. auriculiformis distribution was
assessed by multiple VIs derived from seasonal satellite imagery (Chapter 1). The
phenological spectral attributes of vegetation were examined by multiple VIs focusing on
the phenological spectral features of the vegetation in different phenological periods
(Chapter 2). While Chapter 1 evaluated the use of multiple seasonal VIs and elevation for
classifying A. auriculiformis, Chapter 2 shifted focus on phenological spectral features. It
examined whether integrating reflectance data from key growth stages: green and
senescence improves classification. Unlike the broader strategy in Chapter 1, Chapter 2
introduced composite indices (PVI, seVI) that captured phenology-based spectral
distinctions to enhance species discrimination and refined detection methods. An additional
analysis in Chapter 2 was essential to build upon the findings of Chapter 1 and to
introduce methodological innovations (e.g., PVI, seVI) for future efforts in invasive species
mapping. MaxEnt effectively predicted the potential distribution of A. auriculiformis when
RS data were integrated. In addition, the model suggested that human-induced disturbances
determined the spread of this species largely (Chapter 3). By incorporating ecological
processes and human interference with advanced geospatial tools, it presented a
comprehensive framework applicable across ecosystems, contributing to the development

of informed strategies for global biodiversity conservation and ecosystem resilience.

Biologically invasive species detection using phenology and topography

The differentiation of A. auriculiformis in multi-class classification produced higher
accuracy than the binary classification. The classification accuracy was linked to spectral
differences between species, reflecting the distribution of vegetation classes (Ferreira et al.,
2016). In binary classification, misclassification was often observed largely. The multi-
class classification produced high accuracy by capturing the differentiation in the surface
reflectance among the vegetation classes. Distinct patterns in the spectral reflectance were
observed with GRVI, GCI and NDVI in winter and for NDVI, ARVI and GCI in summer.
In monsoon and autumn, vegetation classes were not well-classified, probably due to dense
vegetation. The integration of VIs with elevation underscores the critical role of selecting

VIs for classification, as spectral measurements reflect phenological characteristics
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(Caparros-Santiago et al., 2021). RF classification using VIs with DEM achieved highest
accuracy in winter and summer, showing the effectiveness of integrating phenological,

spectral and elevation data for mapping A. auriculiformis.

Applicability of phenological spectral feature-based indices

A composite image using VIs from both the senescence and green seasons was created to
check if different plants are separated by the spectral attributes. Phenological features
improves mapping accuracy by unique spectral distribution pattern on each species (Li et
al., 2022). Two phenological periods, green and senescence, were integrated into VIs,
NDVI, GRVI and ARVI, to increase separability of invasive species, with one of the
composite indices, PVIs. Senescence in deciduous forests began in late February. However,
A. auriculiformis started leaf flushing earlier, allowing clear spectral separation and high
RF accuracy. Given that each vegetation class exhibits distinct growth rhythms and
phenological patterns, these indices demonstrate their utility in classification (Xu et al.,
2021). The originality of the study is linked in the application of phenology-based Vs, such
as seVIs and PVIs, which effectively captured seasonal changes in surface reflectance.
While seVIs used information from a single season, PVIs captured information across
seasons. RF performed well when PVI was integrated, indicated analyzing the phenological
features of each vegetation class before classification. The results suggested that
phenology-based VIs can be considered ecologically meaningful for mapping invasive
species into different ecosystems, particularly where species exhibit distinct seasonal

patterns.

Monitoring the distribution of A. auriculiformis

The high AUC observed in MaxEnt showed the importance of developing a predictive
understanding of its distribution to facilitate early detection for effective control of A.
auriculiformis spreading (Vaclavik and Meentemeyer, 2009). The habitat of A.
auriculiformis were increased by human activities, indicating that settlements and roads act
as disturbances provide a measure of disturbances that facilitate the expansion of invasive
species by increasing the accessibilities (Simpson et al., 2011). High winter NDVI detected
the presence of A. auriculiformis, highlighting VIs in distinguishing it from deciduous
forests (Jiang et al., 2014). Although climatic factors are often determinants on plant
distribution (Poorter and Nagel, 2000), these factors affected less the distribution of A.

auriculiformis due to the narrow variation of these environmental factors. The results
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highlight that human-induced disturbances are major drivers of biological invasions, even
within protected zones. The study presented methodological advancement by emphasizing
seasonally enriched remote sensing data and context-specific human disturbance layers,
offering a more comprehensive and ecologically relevant understanding of invasion
dynamics.

This study demonstrated that combining seasonal RS, multiple Vs, topography,
phenological features, and human disturbances provides an effective approach to detect A.
auriculiformis, a major invasive species threatening tropical moist deciduous forests. Using
MaxEnt, both suitable transplantation zones for reforestation high-risk invasion areas were
identified, especially in regions affected by human disturbances that promote invasion
spread. The results emphasized that biological invasions are closely linked to disturbance-
induced changes in forest structure, which can disrupt ecological balance. However, the
study has limitations, including moderate resolution datasets and possible uncertainties in
the modelling process.

The new insight in this work is linked in integrating phenological data with
environmental factors in modelling invasive species distribution in complex and seasonally
dynamic ecosystems. This framework is particularly applicable to tropical and temperate
forests, where seasonal variation in surface reflectance aided invasive species detection.
Though its applicability may be limited in ecosystems with less seasonal variability or
sparse vegetation biomes, such as tundra or taiga.

I concluded that integrating phenology, VlIs, elevation, and the human-induced
disturbances in RS and species distribution models enhanced the understanding of invasive
species dynamics across diverse ecosystems and offered a valuable tool for guiding future

management strategies and control efforts.
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Appendices

Appendix A

Table A1-A2

Figure A1-A6

Table A-1: the wavelength bands of Sentinel-2A images

Band name Description Wavelength | Spatial resolution

(nm) (m)

B2 Blue 496 10
B3 Green 560 10
B4 Red 665 10
B5 Red Edge 1 704 20
B6 Red Edge 2 740 20
B7 Red Edge 3 783 20
B8 Near Infrared (NIR) 835 10
B8A Red Edge 4 864 20
Bl11 Shortwave Infrared-1 (SWIR 1) 1613 20
B12 Shortwave Infrared-1 (SWIR 2) 2202 20
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Table A-2: Environmental variables for MaxEnt

No. | Environmental | unit Source
factors
1 Annual mm | ImageCollection("IDAHO EPSCOR/TERRACLIMATE")
precipitation resolution: 4638.3 m
2 Annual mean °C ImageCollection("IDAHO EPSCOR/TERRACLIMATE")
temperature resolution: 4638.3 m
3 Elevation m DEM from Advanced Land Observing Satellite (ALOS)
resolution: 12.5 m
4 Soil pH OpenLandMap/SOL/SOL_PH-H20O USDA-
4C1A2A_M/v02
resolution: 250 m
5 Soil nitrogen g/kg projects/soilgrids-isric/nitrogen _mean
(N) resolution: 250 m
6 Organic carbon | g/kg | OpenLandMap/SOL/SOL _ORGANIC-CARBON USDA-
(0C) 6A1C_M/v02; resolution: 250m
7 NDVI Processed in Google Earth Engine
8 GRVI Processed in Google Earth Engine
9 Distance from m Digitized from Google Earth Pro and processed in ArcGIS
road
10 Distance from m Digitized from Google Earth Pro and processed in ArcGIS
the settlement
11 Population (/km?) CIESIN/GPWv411/GPW_Population Density
density resolution: 927.67 m
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