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Abstract

Invasive plant species have imposed severe threats to native ecosystems, worldwide.
Among the well-established species, Chinese tallow (Triadica sebifera) and Chinese privet
(Ligustrum sinense) are among the worst invasive plant species of the southern United States.
Therefore, it is crucial to understand their distribution and spread mechanism for management
implications. The objectives of this work were to: (1) develop a spatially explicit distribution
map of invasive Triadica sebifera and Ligustrum sinense using NAIP imagery and airborne lidar
in coastal Alabama, USA, and (2) assess the pattern and factors supporting spread of Chinese
tallow in coastal plant community. For the first objective, free and publicly available remote
sensing data i.e., National Agriculture Imagery Program (NAIP) imagery and airborne light
detection and ranging (lidar) data, were used to compare three image classification methods,
representing unsupervised, supervised and machine learning techniques, respectively: (1)
Iterative Self-Organizing Data Analysis Technique (ISODATA) clustering, (2) Maximum
Likelihood, and (3) Random Forest (RF). The maximum overall accuracy of 98.62% was
obtained using the RF model with lidar-derived products and NAIP imagery.

For the second objective, two sampling approaches, simple random sampling and line transect
sampling were used to conduct a field inventory in May 2021. Data analysis was carried out
using statistical approaches such as correlation analysis and Zero Inflated Negative Binomial
(ZINB) regression analysis. The results of the study showed that the community structure
influences distribution of Chinese tallow. Additionally, factors such as soil moisture, elevation,
proximity to roads, forest type, use of overstory trees by birds, and overland water flow events
dispersing seeds have a major impact on the prevalence of Chinese tallow invasion.

The outcomes from this study include an initial baseline inventory of critical invasive species in
the region that supports larger-scale mapping and the factors that contribute to the spread of
Chinese tallow. These findings are expected to aid in Chinese tallow management decisions in

future and facilitate development of a framework for monitoring invasives.
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Chapter 1: Introduction

Southern forests of the United States (US) are valuable economically and ecologically.
They are most productive for timber and wood products, support plant biodiversity, seasonal
migratory birds, and a variety of wildlife habitat (Guntenspergen & Vairin, 1998; Sui, 2015).
Historically, forest types such as loblolly-shortleaf pine, longleaf-slash pine, oak-gum-cypress,
oak-hickory, and oak-pine dominated the southern US (Zimmerman et al., 2001). However, less
than 5% of the original area of the longleaf-slash pine ecosystem remains today (Van Lear et al.,
2005) due to several factors, such as biological invasion, land conversion and urbanization.
Moreover, native ecosystems and plant species listed as endangered have been critically
threatened by invasive plant species (Wilcove et al., 1998). Due to their capacity to interfere with
ecological functions and the related costs of their spread, they are a global problem.

Numerous studies have shown that invasive plant species have potential to lower
biodiversity, alter habitat structure, change nutrient cycling, and modify fire regimes (Fan et al.,
2021; Randall, 2015; Simberloff et al., 2013; Zedler & Kercher, 2004). Invasive species are
causing 42% decline in endangered and threatened species in the US (Order, 1999). In addition,
the removal of invasive plant species established in forested areas of the southern US is
incredibly expensive. For instance, the annual cost of invasion climbed from $2 billion in 1960-
1969 to $ 21 billion in 2010- 2020 (Fantle-Lepczyk et al., 2022).

Biological invasion into a native ecosystem depends on space, time, community structure
and ecosystem functions. It can be classified into five stages: transport, introduction,
establishment, spread and impact (Blackburn et al., 2011). Invasive species are introduced
accidentally through transportation, and travel, or intentionally for food, fuel, lumber, oil, and
aesthetic purposes. Once introduced, they pass through captivity/cultivation stages and only
become established after they pass through survival and growth-related biotic resistance
processes. The spread stage takes place at the regional and landscape scale, and is driven by
propagule pressure, species traits, landscape patterns, climate conditions and disturbance regimes
(Lockwood et al., 2013).

Southern forests are affected by multiple disturbances that promote the growth of
invasive plant species. Hurricanes are the most severe disturbance in the coastal region, bringing

storm water, flooding, and land-use change. Wildfire occurrence often increases after severe



hurricanes because of debris accumulation (Myers & Van Lear, 1998). In addition, there are
anthropogenic disturbances such as prescribed fire, timber extraction, fire lines, and construction
of roads (Fan et al., 2018). These disturbances can promote invasive species seed dispersal and
seedling establishment in southern coastal forests (Fan et al., 2012; Hood & Naiman, 2000; Pile
etal., 2017; Yang, 2019). Studies have found that supporting factors such as propagule pressure,
seed dispersal modes, canopy closure, tree density, ground cover, habitat edge types, ecosystem
type, distance to seed sources facilitate the spread of invasive species (Fan et al., 2018; Yang,
2019; Yang et al., 2021).

Several invasive plant species are well established in forests of the US. Among those,
Triadica sebifera (Chinese tallow) and Ligustrum sinense (Chinese privet) are problematic in the
coastal region of southeastern US and are spreading inland rapidly (ALIPC, 2019; Miller et al.,
2013). Both invasive plant species are native of China and were introduced in the US for
ornamental purposes. Chinese tallow was also introduced to make wax and oil from the fruit in
the eighteenth century (Howes, 1949). Chinese tallow is commonly known as popcorn tree,
tallow tree, Florida aspen, or chicken tree (Jubinsky & Anderson, 1996). It is a fast-growing,
deciduous tree, producing up to 310,000 seeds per year (Gray, 1950) and can start to bear seed at
three years of age (Godfrey, 1988). It is highly adaptable to areas dominated by flooding
(Pattison & Mack, 2009; Rogers & Siemann, 2003; Yang, 2019). Chinese tallow threatens the
productivity of native forest resources as well as its composition, structure, and sustainability
(Webster et al., 2006).

Chinese privet is an ornamental shrub that grows rapidly and can reach up to 9 m (Greene
& Blossey, 2014). It adversely affects wetland ecosystem processes including leaf litter
breakdown, nutrient cycling and carbon storage (Hudson et al., 2014). Additionally, it has
negative relationship with native plant communities, especially native herbaceous species (Cash
et al., 2020). Due high seed production (Yang, 2019), broad environmental tolerance (Pattison &
Mack, 2009), dominance in floodplain areas (Foard, 2014), colonization by root sprouts, and
seed dispersal modes such as water and birds (Fan et al., 2018; Yang, 2019), Chinese tallow and
Chinese privet are establishing successfully and spreading prominently in coastal areas.

It is difficult and expensive to control Chinese tallow and Chinese privet after they are
well established in an ecosystem. The average control cost of Chinese tallow is estimated to be

$100 thousand per ha (Wang, 2011) and the control cost of privet is estimated to range from



$216-$1820 per ha (Benez-Secanho et al., 2018). Due to the several uncertainties, such as
interaction at population, community and ecosystem level, associated with the control of Chinese
tallow and Chinese privet, the most effective and low cost management option is early detection
and rapid removal of them (Lockwood et al., 2013). Understanding distribution and spread of
Chinese tallow and Chinese privet in a coastal region will help identify and evaluate how
associated factors initially support the spread of Chinese tallow. This information will further
help land managers to make management decisions related to rapid removal and controlling
spread of Chinese tallow invasion from freshly invaded coastal region.

Remote sensing is a potentially useful tool for mapping and monitoring invasive plant
species. Multi-temporal and multispectral capabilities of remote sensing techniques make it
possible to monitor native and invasive species over time (Nagendra et al., 2013). Several studies
(Asner, 2008; Bork & Su, 2007; Hantson et al., 2012; Hawthorne et al., 2015; Kim et al., 2020;
Liang et al., 2020) have found integration of high-resolution multispectral imagery and active
remote sensing techniques such as lidar, quite beneficial for increased accuracy of invasive
species mapping. Lidar uses laser light to obtain three-dimensional information (Popescu, 2007).
It has been used to accurately estimate forest structural characteristics such as canopy heights,
stand volume, basal area, and above-ground biomass (Dubayah & Drake, 2000). Asner et al.
(2008) demonstrated the benefit of lidar to detect woody invasive tree species when combined
with aerial imagery. Hantson et al. (2012) showed that utilizing lidar-derived products with
Maximum Likelihood classification improved overall classification accuracy for woody invasive
species from 39% to 50%. Bork and Su (2007) found that the integration of lidar and imagery
helped in distinguishing shrub vegetation from tall trees as compared to aerial imagery alone.

Research regarding remote sensing detection of Chinese tallow and Chinese privet is
limited, especially over large areas. However, several studies have demonstrated the use of freely
available remote sensing data to map the distribution of Chinese tallow (Il et al., 2002; Joshi et
al., 2004; Nagendra et al., 2013; Niphadkar & Nagendra, 2016; Ramsey & Rangoonwala, 2018;
Randall, 2015). Cash et al. (2020) and Hawthorne et al. (2015) used remote sensing data for
mapping Chinese privet.

The overall goal was to investigate the integrated use of lidar, multispectral imagery and
field data inventory for invasive species management in the southern coastal region of United

States. The primary objectives of the study were to:



Objective 1: Develop a spatially explicit distribution map of invasive Triadica sebifera and
Ligustrum sinense using NAIP imagery and airborne lidar in coastal Alabama, USA. For this
objective, different approaches for mapping Chinese tallow and Chinese privet in coastal region
of Alabama, using multispectral imagery and airborne lidar data and derived products were
investigated.

Objective 2: Assess the pattern and factors supporting spread of Chinese tallow in coastal plant
community: A study conducted in Mississippi Sandhill Crane National Wildlife Refuge,
Mississippi, USA. For this objective, field data inventory was carried out, and data analysis was
done using statistical approaches such as correlation analysis and ZINB regression analysis.

The two main objectives mentioned above are presented in the thesis as two independent
but related studies in Chapter 2 and 3, respectively. Chapter 2 studies the integrated use of lidar
and multispectral imagery for mapping the distribution of Chinese tallow and Chinese privet in the
southern coastal region of Alabama, US. Chapter 3 studies the pattern and spread of Chinese tallow

in coastal region of US. Overall conclusions for both studies, are presented in Chapter 4.
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Chapter 2: Mapping invasive Triadica sebifera (Chinese tallow) and Ligustrum sinense (Chinese
privet) using NAIP imagery and airborne lidar in coastal Alabama, U.S.A.

2.1 Introduction

Invasive plant species are defined as species whose introduction causes or is likely to
cause economic or environmental harm or harm to human health (Order, 1999). They impair soil
nutrient cycling, and alter the forest stand structure (Ehrenfeld, 2010). In almost half of US
ecosystems, the infestation of invasive plant species contribute significant threats to plant
species listed under the Endangered Species Act (Wilcove et al., 1998). Invasive plant species
have caused a decline of 42% of US endangered and threatened species (Order, 1999). In
addition, the removal of invasive plant species is costly (Hobbs & Humphries, 1995). The annual
cost of invasion related to ecological damages has increased from $2 billion in 1960-1969 to $ 21
billion in 2010- 2020 (Fantle-Lepczyk et al., 2022).

Several invasive species are well-established throughout forested regions of the US.
Among the ten worst invasive plants in Alabama according to the Alabama Invasive Plant
Council are, Triadica sebifera (Chinese tallow) and Ligustrum sinense (Chinese privet) (ALIPC,
2019). Both invasive plants are native to China and were introduced to the US in 1776 and 1852,
respectively, for ornamental purposes. Chinese tallow is a deciduous tree that can grow up to 60
feet (18.3 m) high and 3 feet (0.9 m) wide at maturity. The main pathways for short-distance
seed dispersal of Chinese tallow are water currents, long-distance seed dispersal facilitated by
birds species that prefer seeds with high oil content, and large-scale disturbances such as
hurricanes (Yang et al., 2021). Chinese tallow contains high tannins in the leaf litter, that alters
the composition of microbial communities and eventually displaces native species (Montez et al.,
2021). In the south-eastern US, from North Carolina south to Florida and west through Louisiana
and Arkansas to Texas, Chinese tallow has invaded wet coastal areas and spread rapidly inland.
Around 518 million dollars of timber loss is estimated within the next 20 years if no effective
control measures for Chinese tallow is applied (Wang, 2011).

Chinese privet is a semi-evergreen to evergreen shrub that can grow up to 10 m (Miller et
al., 2013). It colonizes by root sprouts, and seed dispersal is carried out by birds and wildlife. It
has a negative impact on native plant abundance and diversity (Foard, 2014; Wilcox & Beck,

2007), limits forest regeneration (Cash et al., 2020; Loewenstein & Loewenstein, 2005), and
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often produces a monoculture (Hart & Holmes, 2013). Furthermore, it has been implicated in the
decline of species of conservation concern, such as the green pitcherplant (Sarracenia
oreophila), and Schweinitz’s sunflower (Helianthus schweinitzii) (Cash et al., 2020). Reported
estimates for the cost to control Chinese privet range from $216-$1,820 per ha (Benez-Secanho
et al., 2018; Klepac et al., 2007). Around 2.72 billion dollars of timber loss, within the next 20
years, is estimated if no effective control measures for Chinese privet is applied (Wang, 2011).

Coastal ecosystems are ecologically important and sensitive to the impact of climate
change (Ng et al., 2021). They play a critical role in global climate and the carbon cycle by
sequestering carbon (Heckbert et al., 2011). Coastal ecosystems and wetlands are especially
vulnerable to invasive plant species because they interact with climate change (Zedler &
Kercher, 2004). The invasive species can form monotypic stands and impact nutrient cycling in
wetland ecosystems (Bush et al., 2020). The study of invasive species in the coastal areas can
help understand the associated factors that facilitate the growth and spread of invasives in these
and other areas. A primary step to understanding the trend and pattern of invasive species spread
is the development of spatially comprehensive maps of distribution. This information provides
essential support for decision-making for effective invasive species management that can
moderate their spread.

Field surveys can be used to collect detailed information on invasive plant species;
however, this approach often is not practical for large geographical areas because of labor, time,
capital constraints, and difficulty in accessing remote areas of interest (Bradley, 2014; Ismail et
al., 2016; Zuberi et al., 2014). On the other hand, remote sensing technologies have been
increasingly used for invasive plant species detection and mapping due to the capability to
provide synoptic views over large geographical extents (Huang & Asner, 2009) and acquire data
over inaccessible remote areas (Matongera et al., 2018). Several studies have shown that using
remotely sensed data to map invasive plants may be a viable option. Bradley (2014) explored
spectral, textural and phenological approaches for remote detection of invasive plants. Ismail et
al. (2016) found that the synergy of multisource remotely sensed data could increase image
classification accuracy.

Many studies highlight higher accuracy in detection and vegetation mapping using lidar
combined with high-resolution multispectral imagery (Asner, 2008; Kim et al., 2020; Liang et

al., 2020). Asner et al. (2008) explained that lidar, when combined with imagery, was found to



detect woody invasive tree species such as F. uhdei, P. cattleianum, M. faya for studying the
presence and abundance of species. The use of aerial imagery and lidar-derived products
increases the potential for detecting invasive species, particularly for taller woody invasive
species (Asner, 2008; Dubayah & Drake, 2000; Hantson et al., 2012; Kim et al., 2020; Liang et
al., 2020; Popescu, 2007). For instance, Hantson et al. (2012) demonstrated that lidar-derived
products using Maximum Likelihood classification increased the overall classification accuracy
from 39% to 50% for woody invasive species. The use of aerial imagery alone underestimated
the classification of shrub vegetation, but the integration of lidar and imagery helps distinguish
shrub vegetation from tall trees (Bork & Su, 2007).

Image classification techniques like Iterative Self Organizing Data Analysis Technique
(ISODATA) clustering (Ustin et al., 2002) and Maximum Likelihood classifier (Michez et al.,
2016) are widely used to map invasive species. However, Maximum Likelihood supervised
classifier failed to generate a landcover classification map with sufficient accuracy on repeated
classification attempts (Hayes et al., 2014). Over the last two decades, machine learning
algorithms have been widely used to classify invasive plant species and demonstrate the ability
to obtain accurate and reliable information from satellite imagery. Among machine learning
methods described in the literature, Random Forest (RF) is considered desirable for multisource
classification of remote sensing data (Gislason et al., 2006). Several studies have demonstrated
its superiority for high-dimensional input data such as hyperspectral imagery and multi-source
data (Abdel-Rahman et al., 2014; Chan et al., 2012; Ham et al., 2005; Jensen et al., 2020; Shoot
et al., 2021). Kim et al. (2020) conducted vegetation mapping with lidar and multispectral
imagery using four different classification algorithms (Support Vector Machine, RF, Maximum
Likelihood, and Mahalanobis Distance), and RF classification using NAIP-lidar stacked image
provided the highest overall accuracy (75.7%).

A study on Chinese tallow mapping across a 48.25 km? coastal region of Texas-Louisiana
showed classification accuracies greater than 95% at 0.5 m and 1 m spatial resolution using
color-infrared photography (1l et al., 2002). Authors used imagery collected during senescence
when leaves of Chinese tallow were bright red, but observed that not all senescing tallow leaves
were bright red. Another study conducted on the coastal region of southern U.S. observed an
overall classification accuracy of 80% for mapping Chinese tallow using RF (Randall, 2015).

The application of remote sensing data for mapping Chinese privet is limited. A study using
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citizen science data showed 84% accuracy in mapping Chinese privet over a study area of 0.72
km? in Atlanta, Georgia (Hawthorne et al., 2015). They used Inverse Distance Weighted spatial
interpolation techniques to interpolate the area covered by invasive species over the study area.
Cash et al. (2020) used moderate resolution multispectral images (Landsat 8 and Sentinel 2) to
map Chinese privet at a 10 m and 30 m spatial resolution over a 23 km? study site and obtained
an overall accuracy of 92.3% using the Maximum Likelihood algorithm (Cash et al., 2020). This
work highlights the utility of satellite imagery for detecting dense monocultures of Chinese
privet with high accuracy.

Although previous studies have focused on mapping Chinese tallow (Il et al., 2002;
Ramsey & Rangoonwala, 2018) and Chinese privet (Barnett, 2016; Cash et al., 2020; Hawthorne
et al., 2015) over a small spatial extent, the potential for the use of freely available remotely
sensed data for mapping invasive species over large spatial extent has not been comprehensively
investigated. Especially, there is a need to develop effective methods for detecting, and mapping
the shrubs and understory invasive species (Joshi et al., 2004). More importantly, to date, there
are not spatially explicit fine-scale maps of Chinese tallow and Chinese privet for coastal
Alabama and Mississippi. The increasing availability of airborne lidar and NAIP imagery
presents an exceptional convenience to achieve detailed, finer-scale observations for invasive
species assessments.

The overall goal of this study was to develop the most accurate and high-resolution
distribution map of Triadica sebifera and Ligustrum sinense, among the image classification
approaches used, in the coastal region of Alabama and Mississippi. With a focus on three study
sites, Bon Secour National Wildlife Refuge, Mobile Tensaw Management Area, and Mississippi
Sandhill Crane National Wildlife Refuge. The specific objectives were to:

1. Determine the extent and coverage of Chinese tallow and Chinese privet.
2. ldentify the most accurate approach for developing mapped products of Chinese tallow and

Chinese privet.

2.2 Materials and Methods

To meet the study’s overall goal, remotely sensed and field inventory data were used.
Remotely sensed data are NAIP imagery and lidar. Vegetation indexes such as Normalized
Difference Vegetation Index (NDVI) derived from NAIP imagery were used for differentiating
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vegetation from non-vegetation. Variables such as a Canopy Height Model (CHM) and Canopy
Density Model (CDM) derived from lidar, were used to improve invasives’ detection accuracy.
Bands of NAIP imagery were integrated with lidar-derived variables for the image classification.

The workflow used for the study is shown in Figure 1.

12



Lidar point cloud data Field dala
NAIP magery (R. G,
l B. NIR bands), NDVI
Lidar pre-processing: Lidar
variables Canopy Herght Medel [
(CHM) and Canopy Density
Modsi (CDM) ‘
| Image classification
e \ '\\
T
‘ ol / N
Is0-dat 8 Maxirmum Masxisman Random Rundomn
Clustering Likelihood Classifier | | Likelihood Farest Forest
(NAIP oaly) Classifier (NAIP+ (NAIP (NAIP+
Licar) only) Lidar
s/
' A

'l Accuracy assessment

privet

‘ High-reseluticn map and parcentage cover of Chmese tallow and Chinese }

Figure 1. Workflow of the first study.
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2.2.1 Study area

The study was carried out within Bon Secour National Wildlife Refuge, Mobile Tensaw
Wildlife Management Area and Mississippi Sandhill Crane National Wildlife Refuge located in
the coastal region of southern US (Figure 2). Specifically, Bon Secour National Wildlife Refuge
and Mobile Tensaw Wildlife Management Area are located in Alabama. Southern Alabama is
classified as a humid subtropical climate with an average annual temperature of 18 °C (64 °F).
The temperature in the hottest month (July) and coldest month (January) averages 32 °C (90 °F)
and 4°C (40°F), respectively. The region’s average annual precipitation is 1,400 mm (56 inches).
The landforms of coastal Alabama consist of flat plains, marshes, river deltas, and wetlands. Bon
Secour is located within the Gulf Shores region of Alabama and covers an area of 20.03 kmz2,
The area is dominated by pine forests, hardwood forests, mixed pine and hardwood forests,
wetlands, and marshlands. The landscape is flat, and waterlogged all year round, on some areas.
Mobile Tensaw is located in Baldwin and Mobile counties, covering an area of 751 km?2 and
consist of bottomland hardwoods, swamp lands, bogs, marshes, waterways of rivers, creeks,
sloughs, ponds, and lakes. This area is dominated by longleaf-slash pine (Pinus palustris and
Pinus elliottii), oak-pine (Quercus spp. and Pinus spp.), oak- gum cypress (Quercus spp., Nyssa
spp. and Taxodium spp.).

The Mississippi Sandhill Crane National Wildlife Refuge is in Mississippi (Figure 2).
Wet pine savanna, herbaceous species, grasses, and shrubs under pine and hardwood trees,
predominates the wildlife refuge. One of 99 burn units from the west block of the Wildlife

Refuge, having an area of 4.75 km?, was used for the study.
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2.2.2 Datasets

2.2.2.1 Field data

Field data collection was carried out in May 2021, along the road networks of Bon
Secour and Mobile Tensaw area, for ground truthing. Both the study sites contain large expanses
of bottomland forest and marshy areas that remain wet for much of the year. As a result, much of
the area is, for the most part, inaccessible. Therefore, field data collection was limited to along
the road networks. Area. Much of the area adjacent to roads in the area was private property,
which had limited access. As a result, only 99 field locations for Chinese tallow and 48 field
locations for Chinese privet were recorded. These recorded presence and absence information of
the invasives were used to validate the accuracy of the mapped products. Only Chinese tallow
occurred on Bon Secour National Wildlife Refuge, while both Chinese tallow and Chinese privet
were observed on Mobile Tensaw Wildlife Management Area. Hence, the distribution map
prepared for Bon Secour National Wildlife Refuge was just for Chinese tallow. The distribution
map prepared for the Mobile Tensaw Wildlife Management Area was for both Chinese tallow

and Chinese privet.

2.2.2.2 Remote Sensing Data

Freely available remotely sensed data were used for the study. Three different sources of
remotely sensed data were used, i.e., NAIP imagery, Digital Elevation Model (DEM), and
discrete return lidar data. NAIP imagery is acquired every three years during the agricultural
growing seasons. The principal purpose of the NAIP program is to make aerial imagery available
within a year of acquisition. NAIP imagery with the datum of NAD 1983 and in the UTM zone
16 acquired between 2019 and 2020 covering the study area was downloaded from the United
States Geological Survey (USGS) Earth Explorer (U.S. Geological Survey, 2019a). The image
has a spatial resolution of 1 m and spectral resolution of four bands (RGB and Near Infrared).
DEMs from 2014 to 2018 were downloaded for two study sites from United States Geological
Survey (USGS) Earth Explorer.

Airborne lidar point clouds for the study area were accessed from USGS 3DEP. The
primary goal of USGS 3DEP is to acquire nationwide lidar data and offer the first-ever national

baseline of reliable high-resolution 3D point cloud data (United States Geological Survey,
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2019b). Discrete return lidar data from 2015 to 2020 for the two study sites were used. Based on
availability, lidar data acquired in 2017 was downloaded for Bon Secour, and lidar data collected
in 2015 and 2019 were retrieved for Mobile Tensaw area. The lidar data has Quality level 2

(QL2), and the point density for each lidar tile is less than 3 points per m? with the lidar tiles that

were already classified into classes such as ground, vegetation, and noises.

2.2.2.3 NAIP pre-processing and derived products

Five and 30 NAIP image tiles were downloaded for Bon Secour and Mobile Tensaw area,
respectively. Image tiles were pre-processed in 2 steps. At first, a single image mosaic was
prepared from the multiple images using mosaic tool in ArcGIS Desktop software. The second
step in NAIP pre-processing was clipping the mosaicked image to the extent of the study area
using clip tool in ArcGIS Desktop software.

Four bands of pre-processed NAIP imagery (blue, green, red and near infrared) were used
for image classification. A band represents recorded energy having specific wavelength of
electromagnetic spectrum. Also, NDVI derived from NAIP using Environment for Visualizing
Images (ENV1) software was used for image classification. NDVI1 is a vegetation index with
values ranging from -1 to +1, to indicate healthy green vegetation. The value closer to +1

represents healthy vegetation, and the value closer to O represents lower or no vegetation.

2.2.2.4 Lidar data processing and derived products

The lidar point cloud data were pre-processed to remove noise returns and derive heights
above ground level or normalized heights using LAStools (Isenburg, 2014) and ArcGIS. Some of
the lidar data were originally collected in Alabama State Plane West Zone (unit: feet) coordinate
system, but it was converted to NAD83 UTM zone 16 N (unit: meter) for consistency with NAIP
imagery. The points were normalized using lasheight tool from LAStools, and filtering was done
to remove heights below 0 m and above 40 m, so that height of desired range could be accessed.
The height cut-off was defined based on the tallest tree recorded on the study site, i.e., 39.9
meters. Then, lasclip tool from LAStools was used to extract all returns of lidar data within the
study area.

A 1-meter Canopy Height Model (CHM) was derived from the height-normalized data. A
Digital Surface Model (DSM) was derived using first returns from the lidar point cloud. Then,

the CHM was generated by subtracting the DEM from DSM. A lidar-derived Canopy Density
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Model (CDM) was then obtained using lascanopy tool from LAStools. The height cut-offs of 7
m, and 40 m were used while creating the CDM. Height under 7 m referred to a shrub, and (O -
40) m referred to all vegetation, including Chinese tallow and Chinese privet. All returns
between the height cut-off of (0 - 40) m were used for generating the overall CDM. Furthermore,
all returns within the height cut-offs under 7 m were used to generate CDM, especially for

Chinese privet detection.

2.2.3 Training data

Two sets of data, i.e, training data and test data, were defined based on the training data
selection guideline from Fundamentals of Remote Sensing (Chuvieco, 2016). The training data
was used to train the classifiers for supervised classification and the test data was used to validate
the mapped products using ground truth. Around 4-8 Regions of Interest (ROIs) for each class
were selected separately. The ROIs for training data were selected using the visual interpretation
based on the known locations of the classes and separate ROIs for test data were selected based
on the ground truth. The ROIs were selected in such a way that they capture spectral variability
and is a representative sample of the class. ROIs selection for invasive plants was carried out
using remotely sensed data and field data. Visual interpretation using aerial imagery and Google
Earth was done to distinguish the invasive species from other vegetation based on known
locations from field visits. Jeffries-Matusita distance and Transformed Divergence measure,
scaled between 0 and 2 (Sen et al., 2019), were used to access the spectral separability of the
classes. The spectral separability of classes prepared for training and test datasets was greater

than 1.9, indicating higher spectral separability of classes.

2.2.4 Image classification

The image classification was carried out using two datasets. First, using the NAIP
imagery alone and second, integrating the spectral bands from the NAIP imagery and lidar-
derived canopy height and cover model. These lidar-derived products were resampled to match
that of NAIP imagery and stacked for image classification. Three image classification
approaches were carried out using both datasets. ISODATA clustering, as a representation of
unsupervised classifier, Maximum Likelihood classifier, as a representation of supervised
classifier (Ahmad & Quegan, 2013) and RF, as a representation of non-parametric machine

learning algorithm were implemented. Unsupervised classifiers group the pixels with common
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characteristics based on software analysis of image without the user’s knowledge. However,
supervised classifiers use the representative sample pixels of specific classes provided by the
training pixels to classify all other pixels in the image. The RF algorithm learns the relationship
between predictor and response data (Horning, 2010) and derives prediction from decision trees
to provide reliable classification (Breiman, 2001).

First image classification approach was ISODATA clustering. Based on the cluster of
pixels that share similar spectral properties, a total of 15 color-coded classes were prepared with
five iterations. After that, post classification was done to refine and reduce the number of classes
using image interpretation. Each class was closely examined using the classified and original
imagery and the classes that share similar spectral property were combined to form six classes of
water, built-up, coastal sand, other vegetation, Chinese tallow, and Chinese privet for Mobile
Tensaw area. The classes such as water, built-up, coastal sand, other vegetation were then
merged into a single class named as other. Finally, a total of three classes: Chinese tallow,
Chinese privet and other (water, built-up, coastal sand, other vegetation) were prepared. For Bon
Secour National Wildlife Refuge, post classification was done on 15 color coded classes
prepared with five iterations to form five classes of water, built-up, coastal sand, other
vegetation, and Chinese tallow. The classes such as water, built-up, coastal sand, other
vegetation were then merged into a single class named as other. At last, a total of two classes:
Chinese tallow and other were obtained for better representative distribution of Chinese tallow.

Second image classification approach was Maximum Likelihood classifier. It requires
training data (Section 2.3) based on the known location of classes. The classifier assigns pixels to
classes based on spectral properties of the training data. For Mobile Tensaw area, six ROIs
(water, built-up, coastal sand, other vegetation, Chinese tallow, and Chinese privet) were
prepared separately for training and test data (Section 2.3) using ROI tool of ENVI. While
acquiring ROIs, NAIP imagery was zoomed so that the desired pixels of the ROIs can be
recorded. The unimodal statistics of ROIs having spectral separability (Section 2.3) greater than
1.9 was obtained. The ROIs such as water, built-up, coastal sand, other vegetation were then
merged into a single ROI named other and three classes: Chinese tallow, Chinese privet, and
other were obtained. For Bon Secour area, five ROIs (water, built-up, coastal sand, other

vegetation, and Chinese tallow) were initially prepared. The ROIs such as water, built-up, coastal
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sand, other vegetation were then merged into a single ROI named other and finally two classes:
Chinese tallow and other were obtained.

Third image classification approach was RF. RF was done using ModelMap. ModelMap
is a R package that allows for user-friendly modeling and mapping over vast geographic areas
using R functions like model.build(), model.diagnostics(), and model.mapmake() (Freeman et al.,
2009). The categorical response variable and predictor variables were defined as demonstrated
by (Freeman & Frescino, 2018). Landcover classification map prepared using the Maximum
Likelihood classifier was used as a categorical response variable. Predictor variables used for RF
were bands of NAIP imagery (red, green, blue, and infrared), vegetation index derived from
NAIP imagery (NDVI), and lidar-derived variables (CHM, CDM).

2.2.5 Accuracy assessment

The classification accuracy of NAIP and NAIP-lidar stacked image were assessed using
confusion matrices in the ENVI software. The separate test data, created using presence and
absence information from ground truth, was used to assess the accuracy of each classification
approach used for the study. The overall classification accuracy was estimated by calculating the
proportion of correctly classified pixels of the land cover classes out of the total pixels in the
classified image. Along with the overall classification accuracy, the Kappa coefficient was also
estimated. The Kappa coefficient indicates how much better an image classification is compared
to a random chance assignment of the pixels into each land cover class (Congalton & Green,
2019). The confusion matrix created had information about the correctly classified pixels for
each land cover class and the pixels that were mistakenly classified as other land cover classes.
Producer’s accuracy (PA), User’s accuracy (UA), omission error and commission error for each
of the land cover classes were also reported. Omission errors are where pixels that belong to the
ground truth class were not placed in the correct class. Commission errors are expressed as the
pixels that are part of another class classified as belonging to the class of interest.

Based on the confusion matrix, PA, UA, omission error, and commission error of

mapping Chinese tallow and Chinese privet were assessed.

2.3 Results
Three image classification approaches (ISODATA clustering, Maximum Likelihood

classifier, and Random Forest) were implemented. For ISODATA clustering, only NAIP
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imagery was used for classification. Two different input datasets (NAIP imagery alone and NAIP
imagery integrated with lidar-derived variables) were used for Maximum Likelihood classifier
and Random Forest. Results were summarized separately based on the dataset used. At first, the
classification accuracies obtained using NAIP imagery alone were presented followed by the
classification accuracies obtained using NAIP imagery and lidar-derived variables for each study
site. In addition to that, tables represent comparison of results obtained from the accuracy
assessment including overall accuracy, kappa coefficient, producer’s accuracy, and user’s
accuracy. Figures represent the distribution of Chinese tallow and Chinese privet produced with
maximum overall accuracy using specific dataset among the image classification approaches
used. Confusion matrix using ground truth ROIs was used to conduct accuracy assessment. The
matrix contained detailed information of each image classification including the correctly
classified pixels and pixels confused with the specific classes. In general, grassland, shrubs, and
algal concentration found in both study areas were confused with trees due to the similar spectral

reflectance.

2.3.1. Mobile Tensaw Wildlife Management Area

2.3.1.1 Assessment of classification accuracies using NAIP imagery

The overall accuracy (64.77%) and kappa coefficient (0.55) of the classification map
using ISODATA classifier increased to 74.73% and 0.67 respectively using the Maximum
Likelihood classifier on NAIP imagery (Table 1). The overall accuracy further increased from
74.73% to 79.58% using Random Forest on NAIP imagery. But the kappa coefficient obtained
with Random Forest (0.34) is lower than the kappa coefficient obtained with Maximum
Likelihood classifier (0.67). The maximum PA (100%) for classifying Chinese tallow and
Chinese privet was obtained with Maximum Likelihood classifier. Although ISODATA
classification yielded a lower overall accuracy, the maximum UA (95.85%) for classifying
Chinese tallow and maximum UA (88.89%) for classifying Chinese privet was produced from
the ISODATA algorithm, as shown in Table 1.
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Table 1. Comparison of accuracies obtained using NAIP imagery alone for Mobile Tensaw

Wildlife Management Area based on three different image classification approaches.

ISODATA Maximum Likelihood Random Forest
Overall Accuracy (%) | 64.77 74.73 79.58
Kappa Coefficient 0.55 0.67 0.34
Producer’s Accuracy 93.91 100 15.91
for Chinese tallow (%)
User’s Accuracy for 95.85 80 53.85
Chinese tallow (%)
Producer’s Accuracy 13.56 100 0
for Chinese privet (%)
User’s Accuracy for 88.89 70.83 0
Chinese privet (%)

The maximum overall accuracy 79.58% and kappa coefficient 0.34 was obtained using

RF on NAIP imagery for Mobile Tensaw area (Figure 3).
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Figure 3. Map of Mobile Tensaw Wildlife Management Area showing the image classification
results for the distribution of Chinese tallow and Chinese privet. The green area represents other
(water, built-up, coastal sand, other vegetation such as hardwood and pine), red area represents
the distribution of Chinese tallow and blue area represents the distribution of Chinese privet. The
image shows the distribution map of Chinese tallow and Chinese privet using RF on NAIP
imagery. This mapping approach has highest overall accuracy for classifying Chinese tallow and

Chinese privet among the classification approaches using NAIP imagery alone.
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Although the highest overall accuracy was obtained with RF using NAIP imagery alone
for Mobile Tensaw Wildlife Management Area, the producer’s accuracies and user’s accuracies
for Chinese tallow and Chinese privet were comparatively low as compared to other
classification methods. The producer’s accuracy for Chinese tallow was 15.91% (Table 3) and
the user’s accuracy for Chinese tallow was 53.85%. The method and dataset used could not
detect Chinese privet. The confusion matrix shows that Chinese tallow had 88 ground truth
pixels, 14 of those are correctly classified as Chinese tallow (Table 2). Hence, the producer’s
accuracy is 14/88=15.91%, which means 15.91% of time Chinese tallow was labelled as Chinese
tallow on the classified image. Chinese tallow had a total of 26 classified pixels, 14 out of those
classified pixels were classified correctly as Chinese tallow (Table 2). Hence, the user’s accuracy
is 14/26=53.85%, which means that 53.85% of the area in classified image labelled as Chinese
tallow (classified as Chinese tallow) was Chinese tallow on the ground. Similarly, Chinese privet
has 34 ground truth pixels and a total of 116 pixels were classified as Chinese privet. Out of
these classified pixels, none of the pixels were classified as Chinese privet.

Table 2. Confusion matrix obtained for RF using NAIP imagery alone for Mobile Tensaw

Wildlife Management Area (in pixels).

Ground Truth (Pixels)
Class Chinese tallow | Chinese privet Other Total
Chinese tallow 14 11 1 26
classified
Chinese privet 74 0 42 116
classified
Other classified | 0 23 575 598
Total 88 34 618 740

Table 3. Confusion matrix for RF using NAIP imagery alone for Mobile Tensaw Wildlife

Management Area (in percent).

Ground Truth (Percent)

Class Chinese tallow | Chinese privet Other Total
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Chinese tallow

classified 15.91 32.35 0.16 3.51
Chinese privet

classified 84.09 0 6.8 15.68
Other classified |0 67.65 93.04 80.81
Total 100 100 100 100

2.3.1.2 Assessment of classification accuracies using NAIP imagery and lidar-derived variables

The maximum overall accuracy (98.62%) and kappa coefficient (0.86) was obtained
using Random Forest after adding lidar-derived CHM and CDM for privet to NAIP image bands
(Table 4). Among the Maximum Likelihood classifiers used with NAIP imagery and different
combination of lidar-derived variables, the maximum overall accuracy (83.24%) and kappa
coefficient (0.79) was obtained using the CHM integrated with NAIP imagery. With the same
input dataset and classification approach, the maximum UA (94.81%) for classifying Chinese
tallow and the maximum PA (100%) for classifying Chinese privet was obtained. The maximum
PA (97.73%) for classifying Chinese tallow was obtained with Maximum Likelihood classifier
using the CHM and CDM for Chinese tallow integrated with NAIP imagery. The maximum UA
(87.50%) for classifying Chinese privet was obtained with Maximum Likelihood classifier using
the CHM and CDM for Chinese privet integrated with NAIP imagery (Table 4).

The maximum overall accuracy of 98.62% and kappa coefficient of 0.86 was obtained for
RF using CHM and CDM for privet integrated with the NAIP imagery for Mobile Tensaw area
(Figure 4).
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Table 4. Comparison of accuracies obtained using NAIP imagery and lidar-derived variables for

Mobile Tensaw Wildlife Management Area based on 3 different classification approaches.

Maximu | Maximum | Maximum | RF (NAIP | RF (NAIP | RF (NAIP
m Likelihood | Likelihood | +CHM) +CHM + | +CHM +
Likeliho | (NAIP+ (NAIP+ CDM for | CDM for
od CHM+ CHM+ tallow) privet)
(NAIP+ | CDM for | CDM for
CHM) tallow) privet)

Overall 83.24 76.7 81.48 81.62 81.62 98.62

Accuracy

(%)

Kappa 0.79 0.70 0.76 0.41 0.40 0.86

Coefficient

Producer’s 82.95 97.73 - 14.77 15.91 -

Accuracy for

Chinese

tallow (%)

User’s 94.81 88.66 - 28.89 34.15 -

Accuracy for

Chinese

tallow (%)

Producer’s 100 96.43 61.76 0 0 88.24

Accuracy for

Chinese

privet (%)

User’s 48.57 62.79 87.50 0 0 85.71

Accuracy for

Chinese

privet (%)
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Figure 4. Map of Mobile Tensaw Wildlife Management Area showing the image classification
results for the distribution of Chinese privet. The green area represents other (water, built-up,
coastal sand, other vegetation such as hardwood and pine), and blue area represents the
distribution of Chinese privet. Distribution map of Chinese privet using RF on the CHM and
CDM for Chinese privet integrated with NAIP imagery. This mapping approach has highest

overall accuracy for classifying Chinese privet.
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The same method and dataset that produced highest overall accuracy and kappa
coefficient gave good producer’s accuracies and user’s accuracies for classifying Chinese privet
on Mobile Tensaw Wildlife Management Area. The producer’s accuracy for Chinese privet was
88.24% (Table 6) and the user’s accuracy for Chinese privet was 85.71%. The confusion matrix
shows that Chinese privet had 34 ground truth pixels, 30 out of those are correctly classified as
Chinese privet (Table 5). Hence, the producer’s accuracy is 30/34=88.24%, which means
88.24% of time Chinese privet was labelled as Chinese privet on the classified image. Chinese
privet had a total of 35 classified pixels, 30 out of those classified pixels were classified correctly
as Chinese privet (Table 5). Hence, the user’s accuracy is 30/35= 85.71%, which means that
85.71% of the area in classified image labelled as Chinese privet (classified as Chinese privet)
was Chinese privet on the ground.

Table 5. Confusion matrix obtained using RF on the CHM and CDM for Chinese privet
integrated with NAIP imagery for Mobile Tensaw Wildlife Management Area (in pixels).

Ground Truth (Pixels)
Class Other Privet Total
Other classified | 613 4 617
Chinese privet 5 30 35
classified
Total 618 34 652

Table 6. Confusion matrix obtained using RF on the CHM and CDM for Chinese privet
integrated with NAIP imagery for Mobile Tensaw Wildlife Management Area (in percent).

Ground Truth (Percent)
Class Other Privet Total
Other classified | 99.19 11.76 94.63
Chinese privet 0.81 88.24 5.37
classified
Total 100 100 100
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2.3.2. Bon Secour National Wildlife Refuge

2.3.2.1 Assessment of classification accuracies using NAIP imagery

The overall accuracy (83.58%) and kappa coefficient (0.68) of the classification map
using ISODATA classifier increased to 98.5% and 0.97 respectively using the Maximum
Likelihood classifier on NAIP imagery (Table 7). The overall accuracy (94.5%) and kappa
coefficient (0.88) was obtained with Random Forest using NAIP imagery. The Maximum
Likelihood classifier carried out on NAIP imagery produced the classification map with highest
PA (97.14%) and UA (100%) for classifying Chinese tallow (Table 7). The maximum overall
accuracy 98.5% and kappa coefficient 0.97 was obtained using Maximum Likelihood classifier
on NAIP imagery for Bon Secour area (Figure 5).
Table 7. Table showing comparison of accuracies obtained using NAIP imagery alone for Bon

Secour National Wildlife Refuge.

ISODATA Maximum Likelihood Random Forest
Overall Accuracy (%) | 83.58 98.5 94.5
Kappa Coefficient 0.68 0.97 0.88
Producer’s Accuracy 71.30 97.14 96.19
for Chinese tallow (%)
User’s Accuracy for 100 100 93.52
Chinese tallow (%)
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Figure 5. Map of Bon Secour National Wildlife Reserve showing the distribution of Chinese

tallow produced for the Bon Secour area. The green area represents other (water, built-up,

coastal sand, other vegetation such as hardwood and pine) and red area represents the

distribution of Chinese tallow. The figure shows distribution map of Chinese tallow using
Maximum Likelihood classifier on NAIP imagery alone. This mapping approach has highest

overall accuracy for classifying Chinese tallow among the classification approaches using NAIP

imagery alone.
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The same method and dataset that produced highest overall accuracy and kappa
coefficient gave good producer’s accuracies and user’s accuracies for classifying Chinese tallow
on Bon Secour National Wildlife Reserve. The producer’s accuracy for Chinese tallow was
97.14% (Table 9) and the user’s accuracy was 100%. The confusion matrix shows that Chinese
tallow had 105 ground truth pixels, 102 out of those are correctly classified as Chinese tallow
(Table 8). Hence, the producer’s accuracy is 102/105=97.14%, which means 97.14% of time
Chinese tallow was labelled as Chinese tallow on the classified image. Chinese tallow had a total
of 102 classified pixels, all those classified pixels were classified correctly as Chinese tallow
(Table 8). Hence, the user’s accuracy is 102/102= 100%, which means that 100% of the area in
classified image labelled as Chinese tallow (classified as Chinese tallow) was Chinese tallow on
the ground.

Table 8. Confusion matrix obtained for maximum likelihood classifier using NAIP imagery

alone for Bon Secour National Wildlife Reserve (in pixels).

Ground Truth (Pixels)
Class Other Chinese tallow Total
Other classified 95 3 98
Chinese tallow | O 102 102
classified
Total 95 105 200

Table 9. Confusion matrix obtained for maximum likelihood classifier using NAIP imagery
alone for Bon Secour National Wildlife Refuge (in percent)

Ground Truth (Percent)
Class Other Chinese tallow Total
Other classified 100 2.86 49
Chinese tallow
classified 0 97.14 51
Total 100 100 100
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2.3.2.2 Assessment of classification accuracies using NAIP imagery and lidar-derived variables

The maximum overall accuracy (98.7%) and kappa coefficient (0.97) was obtained with

Maximum Likelihood classifier using the lidar-derived CHM integrated with NAIP imagery
(Table 10). The maximum PA (99.13%) and UA (100%) for classifying Chinese tallow was
obtained with Random Forest using lidar-derived CHM and CDM integrated with NAIP imagery

(Table 10). The maximum overall accuracy of 98.7% and kappa coefficient of 0.97 was obtained

using NAIP imagery and lidar-derived variables for Bon Secour area (Figure 6).

Table 10. Table showing comparison of accuracies obtained using NAIP imagery and lidar-

derived variables for Bon Secour National Wildlife Refuge.

Chinese tallow (%)

Maximum Maximum RF (NAIP RF (NAIP +
Likelihood Likelihood (NAIP | +CHM) CHM+
(NAIP +CHM) | + CHM + CDM) CDM)
Overall Accuracy (%) | 98.77 89.52 94.29 95.23
Kappa Coefficient 0.97 0.79 0.88 0.90
Producer’s Accuracy | 97.70 88.7 98.26 99.13
for Chinese tallow (%)
User’s Accuracy for 100 100 99.12 100

32




87"51:'0"W : 87‘5'.:'0"W 7 87"5‘II oW . 87“5?‘0"W : 87"4?'0"W 2 87"4?‘0"W

o
o
~

B
S
=

N

N

A

30°12'30"N  30°13'0°N  30°13'30°N  30°14'0"N  30°14'30"N  30°15'0"N  30°15'30°N  30°16'0"N  30°16'30"

30°12'30"N  30°13'0"N 30°13'30"N  30°14'0"N  30°14'30"N  30°15'0"N  30°15'30"N  30°16'0"N  30°16'30"N
L 1

Legend -
[ . ove |
B chinese Tallow 0 05 1 2Mies
- I T T T T T T T 1
STUSIOW | BTUS2OW | BTSRIOMW | BTSROOW | BTASDW | B7TUABOW | BTUATOW

Figure 6. Map of Bon Secour National Wildlife Reserve showing the distribution of Chinese
tallow produced for the Bon Secour site using Maximum Likelihood classifier on NAIP imagery
integrated with lidar-derived variables. The green area represents other (water, built-up, coastal
sand, other vegetation such as hardwood and pine) and red area represents the distribution of
Chinese tallow. This mapping approach had the highest overall accuracy for classifying Chinese
tallow among the classification approaches using NAIP imagery integrated with lidar-derived
variables.
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The same method and dataset that produced highest overall accuracy and kappa
coefficient gave good producer’s accuracies and user’s accuracies for classifying Chinese tallow
on Bon Secour National Wildlife Reserve. The producer’s accuracy for Chinese tallow was
97.7% (Table 12) and the user’s accuracy was 100%. The confusion matrix shows that of the 217
ground truth pixels for Chinese tallow, 212 were correctly classified as Chinese tallow (Table
11). Hence, the producer’s accuracy is 212/217=97.7%, which means 97.7% of time Chinese
tallow was labelled as Chinese tallow on the classified image. Chinese tallow had a total of 212
classified pixels, all those classified pixels were classified correctly as Chinese tallow (Table 11).
Hence, the user’s accuracy is 212/212= 100%, which means that 100% of the area in classified
image labelled as Chinese tallow (classified as Chinese tallow) was Chinese tallow on the
ground.

Table 11. Confusion matrix obtained for maximum likelihood classifier using NAIP imagery and

lidar-derived variables for Bon Secour National Wildlife Refuge (in pixels).

Ground Truth (Pixels)
Class Other Chinese tallow Total
Other classified 189 5 194
Chinese tallow | O 212 212
classified
Total 189 217 406

Table 12. Confusion matrix obtained for maximum likelihood classifier using NAIP imagery and

lidar derived variables for Bon Secour National Wildlife Refuge (in percent).

Ground Truth (Percent)
Class Other Chinese tallow Total
Other classified 100 2.86 49
Chinese tallow
classified 0 97.7 51
Total 100 100 100
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2.3.3 Mississippi Sandhill Crane National Wildlife Refuge

2.3.3.1. Comparison of classification accuracies using NAIP imagery alone and NAIP imagery
integrated with CHM

The overall accuracy (90.71%) and kappa coefficient (0.76) of the classification map
using ISODATA classifier increased to 94.69% and 0.86 respectively using the Maximum
Likelihood classifier on NAIP imagery (Table 13). The overall accuracy further increased to
96.63% and kappa coefficient increased to 0.92 after adding CHM to NAIP imagery using
Maximum Likelihood classifier. The Maximum Likelihood classifier carried out on NAIP
imagery and CHM produced the classification map with highest PA (94.61%) and UA (100%)
for classifying Chinese tallow (Table 13). The maximum overall accuracy 96.63% and kappa
coefficient 0.92 was obtained using Maximum Likelihood classifier on NAIP imagery and CHM
for O4 burn unit of Mississippi Sandhill Crane National Wildlife Refuge area (Figure 7).
Table 13. Comparison of classification accuracies using NAIP imagery alone and NAIP imagery
integrated with CHM for O4 burn unit of Mississippi Sandhill Crane National Wildlife Refuge.

ISODATA Maximum  Likelihood | Maximum Likelihood
(NAIP only) | (NAIP only) (NAIP+CHM)

Overall Accuracy (%) 90.71 94.69 96.63

Kappa Coefficient 0.76 0.86 0.92

Producer’s Accuracy for 69.57 82.61 94.61

Chinese tallow (%)

User’s Accuracy for 100 100 100

Chinese tallow (%)
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Figure 7. Map of O4 burn unit of Mississippi Sandhill Crane National Wildlife Refuge showing
the distribution of Chinese tallow. The green area represents other (bare ground and other
vegetation such as hardwood and pine) and red area represents the distribution of Chinese tallow.
The figure shows distribution map of Chinese tallow using Maximum Likelihood classifier on
NAIP imagery and CHM. This mapping approach has highest overall accuracy for classifying

Chinese tallow among the classification approaches used.
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The same method and dataset that produced highest overall accuracy and kappa
coefficient gave good producer’s accuracies and user’s accuracies for classifying Chinese tallow
on O4 burn unit of Mississippi Sandhill Crane National Wildlife Refuge. The producer’s
accuracy for Chinese tallow was 94.61% (Table 15) and the user’s accuracy was 100%. The
confusion matrix shows that Chinese tallow had 167 ground truth pixels, 158 out of those were
correctly classified as Chinese tallow (Table 14). Hence, the producer’s accuracy is
158/167=94.61%, which means 94.61% of time Chinese tallow was labelled as Chinese tallow
on the classified image. Chinese tallow had a total of 158 classified pixels, all those classified
pixels were classified correctly as Chinese tallow (Table 14). Hence, the user’s accuracy is
158/158= 100%, which means that 100% of the area in classified image labelled as Chinese
tallow (classified as Chinese tallow) was Chinese tallow on the ground.

Table 14. Confusion matrix obtained for maximum likelihood classifier using NAIP imagery and
CHM for O4 burn unit of Mississippi Sandhill Crane National Wildlife Refuge (in pixels).

Ground Truth (Pixels)
Class Other Chinese tallow Total
Other classified 100 9 109
Chinese tallow | 0 158 158
classified
Total 100 167 267

Table 15. Confusion matrix obtained for maximum likelihood classifier using NAIP imagery and
CHM for O4 burn unit of Mississippi Sandhill Crane National Wildlife Refuge (in percent).

Ground Truth (Percent)
Class Other Chinese tallow Total
Other classified 100 5.39 40.82
Chinese tallow | O 94.61 59.18
classified
Total 100 100 100
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2.4. Discussion

The study investigated techniques for mapping the distribution of Chinese tallow and
Chinese privet within ecologically sensitive coastal areas, with focus on the coastal region of
Alabama in the southeastern US. A combination of bands from NAIP imagery, CHM and CDM
derived from lidar were examined for each classification approach. The overall accuracies,
producer’s accuracy, user’s accuracy, and the agreement between known and predicted values
(kappa coefficient) obtained from different classification approaches varied over the study area.

Among all classification approaches carried out on Mobile Tensaw Wildlife Management
Area, RF produced good overall accuracy as compared to ISODATA clustering and Maximum
Likelihood classifier. Jensen et al. (2020) and Shoot et al. (2021) have demonstrated the machine
learning algorithm (e.g., RF) as a robust classifier for natural resource data. These findings are
supported by Shoot et al. (2021), that showed the highest overall accuracy of 78% and a kappa of
0.66 obtained with the RF classification algorithm using hyperspectral vegetation indices and
lidar-derived canopy height metrics. In general, RF outperformed ISODATA clustering and
Maximum Likelihood classifier regarding overall classification accuracies. The classification
accuracies for Chinese tallow were better with RF using lidar-derived variables integrated with
NAIP imagery on Bon Secour area. Chan et al. (2012) supports that RF classifier achieves better
classification results when multi-dimensional and multi-source data are used. Overall, improved
classification results could be expected using RF in terms of overall accuracies.

On Mobile Tensaw Wildlife Management Area, the use of NAIP imagery only on RF
produced good overall accuracy, however it was not able to detect and accurately classify
Chinese privet in the study site (Figure 3). It is because Chinese privet is a shrub species,
concealed under the canopy of Chinese tallow and other vegetation which makes the detection
difficult. The same classification approach and dataset did not produce good accuracies for
mapping Chinese tallow as well. It may be due to confusion of pixels of Chinese tallow with
other classes. Among the classification approaches used with the same dataset, maximum
likelihood classifier produced highest producer’s accuracy for mapping Chinese tallow.
Additionally, ISODATA classification produced highest user’s accuracy for mapping Chinese
tallow.

Since Chinese privet was not detected with RF using NAIP imagery only, we added

CHM and CDM with a height cut-off of 7 m, prepared especially for Chinese privet to the
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dataset. The maximum height recorded for Chinese privet in the study site was 7m therefore, the
height cut-off of 7 m was selected. This classification approach and dataset that produced high
overall accuracy and kappa coefficient did not produce highest accuracies for mapping Chinese
privet however, this method helped to classify Chinese privet among RF used (Figure 4). It is
suggested that for mapping invasive species concealed under canopy, models developed with
specific height cutoffs favoring the height of species aids in detection of the species. Among the
classification approaches used, maximum likelihood classifier used with NAIP, and CHM
produced highest producer’s accuracies for mapping Chinese privet. Additionally, maximum
likelihood classifier used with NAIP, CHM and CDM used with height cutoff of 7m produced
highest user’s accuracies for mapping Chinese privet. We believe the highest overall accuracy
might have been achieved, in this case with RF using a combined dataset of NAIP, CHM and
CDM due to good classification accuracy of other classes (water, built up, coastal sand and other
vegetation).

Among all classification approaches carried out on Bon Secour National Wildlife Refuge
and o4 unit of Mississippi Sandhill Crane National Wildlife Refuge, Maximum Likelihood
classifier using the CHM integrated with NAIP imagery produced better overall accuracy. The
overall accuracy and PA for classifying Chinese tallow increased after adding the CHM to NAIP
imagery. The addition of the CHM to NAIP imagery provided more information that improved
the classification results. Specifically, the coastal sand class was separable from built-up areas,
and grassland was more separable from Chinese tallow due to the addition of structural
information from lidar. An increased overall accuracy was observed as a result. In general, the
Maximum Likelihood classifier performed well over the smaller study site (Bon Secour National
Wildlife Refuge) as compared to the larger study site (Mobile Tensaw Wildlife Management
Area). Poala et al. (1995) demonstrated that the Maximum Likelihood classifier is sensitive to
spectral properties of classes and performs poorly for larger area having heterogenous stands.
Bon Secour area consists of homogeneous forest stands based on the field inventory. The area is
dominated by forests, with a low portion of the area covered by water, built-up, grassland, and
coastal sand. The separation of classes is straightforward, and there is less confusion between
classes in the Bon Secour area. Similar is the case for O4 unit of Mississippi Sandhill Crane
National Wildlife Refuge, the area is smaller and there is less confusion among classes. That is

why smaller and homogeneous area was associated with better accuracy. For larger study areas,
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acquiring NAIP imagery having phenological differences between the species and adding
ancillary data such as texture, slope, and elevation that differentiates the species given their
similar spectral properties may be helpful.

Adding lidar-derived variables to NAIP imagery increased the overall accuracy and
kappa coefficient of the classification map compared to the overall accuracy and kappa
coefficient obtained using NAIP imagery alone, regardless of the algorithm used. Since both
study sites was within a coastal region, there are waterlogged areas. Grassland, shrubs, and algal
concentration found in waterlogged areas were confused with trees using NAIP imagery alone,
but the classes were more easily separated after adding lidar-derived variables. With the added
CHM and CDM to the NAIP, vegetation structural information was added, which allowed for the
separation of trees, from shrubs and grassland. Adding lidar to the NAIP imagery adds up as a
bolster for Chinese tallow and Chinese privet classification. Studies have demonstrated the
benefits of combining structural (lidar) and spectral (imagery) data for classification. Hantson et
al. (2012) showed increased overall classification accuracy from 39% to 50% of the classifier
using vegetation height from lidar. Kim et al. (2020) conveyed higher classification accuracy
with the aerial imagery combined with lidar than to aerial imagery alone.

Most of the coastal region of southern Alabama are not accessible due to floodplains.
This highlights the use of remote sensing techniques for potential mapping of invasives,
especially on the inaccessible study sites. We suggest the use of drone survey for collecting
presence and absence data of invasive species from the inaccessible areas for better accuracy.
Species can be detected remotely, given distinct morphology, and seasonality. Cavender-Bares et
al. (2020) showed that when the target invasive species has unique phenology, it is easier to
distinguish invasives from native species (Cavender-Bares et al., 2020). For instance, Il et al.
(2002) showed that the leaves of Chinese tallow turn red during the fall season, when it is
senescing, making it distinct from other native species. However, since freely available data
(aerial NAIP imagery and airborne lidar) was used for the study, the data for the desired season,
i.e., fall season, was not available. It is recommended to use the remotely sensed data of
senescing season to avoid confusion between spectrally similar vegetation and Chinese tallow to
attain better accuracy.

Joshi et al. (2004) conveyed that remote sensing has been most applied for mapping

canopy-dominant species. Remote sensing techniques used for detecting invasive species have
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mainly dealt with overstory invasive species. But all invasive species do not dominate the
canopy. Many invasive plants of concern are understory species, where the application of remote
sensing technique is tricky for species detection. Due to the difficulty of mapping understory
invasive species, these invaders have received little attention. The detection of Chinese privet
was difficult compared to the detection of Chinese tallow. It is a shrub species usually found
mixed with other shrubs and tree species. In some wet areas, Chinese tallow and Chinese privet
grew side by side. The classification of Chinese privet was not easy due to the difficulty in
detecting Chinese privet as an understory shrub, concealed by the canopy. It was challenging to
discern Chinese privet remotely and attain better accuracy for classifying them. A study
conducted by Cash et a. (2020) levergaed the potential to map Chinese privet over a small area of
23 km? using freely available satellite imageries from Landsat 8 and Sentinel 2. Likewise, freely
available remote sensing data such as NAIP imagery and the use of lidar-derived CDM with
height cut off (7 m) was found to improve the accuracy of mapping Chinese privet over large

spatial extent of 751 kmz2,

2.5. Conclusion

The study examined different mapping approaches by utilizing free and publicly
available remote sensing data for invasive species mapping. In Mobile Tensaw Wildlife
Management Area, RF algorithm achieved the highest overall accuracy of 98.62% and a kappa
coefficient of 0.86 using the CHM and CDM integrated with NAIP. In Bon Secour National
Wildlife Refuge, the Maximum Likelihood classifier achieved the highest overall accuracy of
98.7% and a kappa coefficient of 0.97 using the CHM integrated with NAIP imagery. Regardless
of the algorithms used, adding lidar-derived variables to NAIP imagery increased the overall
accuracy of the classified map. The RF algorithm used with the addition of lidar-derived
variables and NAIP imagery outperformed ISODATA and Maximum Likelihood classifier while
classifying Chinese tallow and Chinese privet. For classifying Chinese tallow, the RF algorithm
achieved the maximum PA and UA and a good kappa coefficient of 0.90 on the Bon Secour area
using the CDM and CHM integrated with NAIP imagery. Using similar input data and
classification algorithms, good PA and UA were obtained to classify Chinese privet on the

Mobile Tensaw area.
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The workflow used by this study offers an inexpensive, reliable, and high-resolution data
framework alternative to purchasing commercial data. The study provides a spatially explicit
baseline inventory map of vital invasive species of the region that contributes to developing a

framework for broader-scale mapping.
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Chapter 3: An assessment of the pattern and factors supporting spread of Chinese tallow in
coastal plant community: A study conducted in Mississippi Sandhill Crane National Wildlife
Refuge, Mississippi, USA.

3.1 Introduction

Southern forests from Virginia to Texas produce nearly 60% of the nation’s timber products
(Rauscher & Johnsen, 2004) and significantly contribute to the economy and ecosystem services
in the United States (Sui, 2015). However, invasive plant species have threatened ecosystem
functions, replaced native vegetation, and reduced forest productivity (Fan et al., 2018; Gan et
al., 2009; Monty et al., 2013; Panetta & Gooden, 2017; Yang, 2019). Triadica sebifera
(hereafter, Chinese tallow) is of concern because of its ability to replace the native vegetation
and form a monotypic stands (Wang, 2011). Controlling the spread of Chinese tallow is of great
concern as it is spreading rapidly from southern coastal areas to the inland.

Coastal forests of the southern United States are susceptible to the spread of invasive plant
species following large-scale natural and anthropogenic disturbances such as hurricanes,
wildland fires, and land-use changes (Barrow et al., 2005). Along the southern Gulf Coast,
Chinese tallow was first introduced by the United States Department of Agriculture in southern
Texas in the 1900s for use in the soap industry (Howes, 1949; Miller et al., 2013). It spread from
southern Texas to coastal areas of Louisiana, Mississippi, and Alabama (Nepal et al., 2021). The
invasion of Chinese tallow is a non-stationary process, with the spread varying across spatial and
temporal scales and ecosystems, controlled by geographic/landscape characteristics and local site
factors such as propagule pressure, life history of invading species, and recipient environment
(Fan et al., 2021c).

Chinese tallow is a fast-growing, deciduous tree that can grow up to 60 feet (18.3 m) high
and 3 feet (0.9 m) wide at maturity. Seeds are produced in large numbers and seed production
can begin as early as three years of age (Renne et al., 2002). Due to the characteristics like more
seed-producing capacity, good seed viability, easy seed dispersal modes, and ability to establish
in a disturbed environment, Chinese tallow has sound spread and establishment rate. Seeds can
germinate in a broad range of soil conditions, retain viability for at least five years, and are

dispersed primarily by water and birds (YYang 2019). Fire, burial, water and bird dispersal
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enhances seed germination rates. Furthermore, Chinese tallow is capable of root and stump
sprouting following damage (Tian et al., 2017; Vanheuveln, 2016).

The stages of Chinese tallow invasion include seed dispersal, seed germination, seedling
colonization, and sapling establishment (Fan et al., 2021b). After establishment, Chinese tallow
starts to spread. Disturbances related to management activities (e.g., timber extraction, roadways,
fire lines, and prescribed fire) and natural disturbances (e.g., flooding, hurricanes, stormwater,
and wildfire) play a vital role in spread and establishment success (Fan et al., 2018). These
intentional or unintentional disturbances create an ample niche opportunity for the spread and
establishment of Chinese tallow. In addition, changes in environmental conditions (e.g., soil
properties, soil moisture levels, and light penetration availability in the understory) often favor
Chinese tallow growth post establishment (Tererai et al., 2015). High invasion severity is often
observed along roadways, fire lines, ditches, trails, and within natural disturbances sites. Once
established in these habitats, Chinese tallow may grow aggressively into surrounding areas,
especially in areas with low competition, abundant light, and adjacency to water bodies.

Several studies have documented the impact of Chinese tallow on native forest ecosystems
(Camarillo et al., 2015; Fan et al., 2021c; Montez et al., 2021; Saenz et al., 2013). Chinese tallow
contains high tannins in the leaf litter, decomposing and leaching soluble nutrients faster than
native species, which enhances its ability to alter the composition of microbial communities
(Montez et al., 2021). Chinese tallow also has negative impacts on aquatic amphibian survival
(Saenz et al., 2013), stand density of native tree species (Camarillo et al., 2015) and due to its
aggressive growth, it has the potential to replace valuable bottomland forest (Nepal et al., 2021).
Studies also show that the invasion of Chinese tallow has decreased the effectiveness of
prescribed fires(Fan et al., 2021a), modifying the fire regime and functioning as a fire suppressor
(Fan et al., 2021b).

If proper measures for controlling spread are not taken, the monotypic stands of Chinese
tallow could completely replace the native vegetation in some situations (Camarillo et al., 2015;
Tian et al., 2017; Yang, 2019; Yang et al., 2021). EIm/ash/cottonwood and oak/gum/cypress
forests were vulnerable to Chinese tallow invasion compared to longleaf/slash pine forests
(Nepal et al., 2021). However, Sui (2015) predicted that in next 60 years the highest Chinese
tallow invasion would occur in longleaf/slash pine and oak/gum/cypress forests. Several direct

and indirect interactive factors are involved in the spread and establishment of Chinese tallow.

48



The competitive interactions between Chinese tallow and native species are regulated by
landscape features, characteristics of the recipient environment, and invasion stages of Chinese
tallow within a specific ecosystem (Fan et al., 2018; Lockwood et al., 2013). In addition,
disturbances such as hurricanes, tropical storms, timber extraction, prescribed fires, and
construction of roads and fire lines also facilitate invasion (Fan et al., 2018; Yang et al., 2021).
Factors supporting Chinese tallow spread are mainly birds, water movement, propagule pressure,
distance to seed trees, tree density, canopy closure, elevation, and distance to the nearest road
(Fan et al., 2021b; Fan et al., 2018; Fan et al., 2021c).

The objectives of this study were to understand the pattern of Chinese tallow spread and
which community structures factors support Chinese tallow spread in the coastal region of the
United States. Although past studies have reported the pattern of Chinese tallow spread and
associated factors, generalization for decision-making is difficult without understanding every
aspect of the community structure. The interactions at the community level and the complexities
of Chinese tallow spread make it challenging to understand the actual facilitators of spread (Pile
etal., 2017). The critical assessment of patterns and factors supporting the spread of Chinese
tallow at the community level is limited. However, such an appraisal is urgently needed to aid
the decision-making for proper management efforts to control the spread of Chinese tallow from

the coastal region of the southeastern US to the islands.

3.2 Materials and Methods

A field inventory, consisting of measurements carried out at the community level within
pine, hardwood, and Chinese tallow invaded communities, was executed in May 2021. The
inventory was conducted in a 4.75 km? area within Mississippi Sandhill Crane National Wildlife
Refuge where previous Chinese tallow studies have been conducted (Fan et al., 2021b). The
collected field data was compiled and analyzed using correlation analysis and Zero Inflated

Negative Binomial (ZINB) Regression analysis.

3.2.1 Study area
The study area is located within Mississippi Sandhill Crane National Wildlife Refuge
(MSCNWR) in the coastal region of Mississippi (Figure 8). It is now a part of the Gulf Coast
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National Wildlife Refuge Complex. The southern coastal region has a semi-tropical climate with
an average annual temperature of 18 °C (64 °F). The temperature in the hottest month (July) and
coldest month (January) averages 32 °C (90 °F) and 4°C (40°F), respectively. The region’s
average annual precipitation is 1,400 mm (56 inches) (Packard, 2012). The landforms consist of
flat plains, marshes, river deltas, and wetlands. The study was carried out in an area of 4.75 km?
within MSCNWR. The landscape is flat, waterlogged, and the soil is acidic. The primary
community type found on the wildlife refuge area is wet pine savanna. However, within the area
where the field inventory was carried out, shrubs, grasses and other herbaceous plants were

present under pine and hardwoods.
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Figure 8. Map of the study area. a. Location of Mississippi Sandhill Crane National Wildlife
Refuge in Mississippi state, b. Outline of east, west and south side blocks of MSCNWR, with O4
unit of west block highlighted in red, and c. O4 burn unit from MSCNWR (Section 3.2.2).

3.2.2 Data collection

To have a better understanding of the impact of different invasion degrees of Chinese
tallow on growth of different vegetation types such as pine savanna, savanna, pine flatwoods,
and hardwood forests, the study area, unit 04 of MSCNWR, was further classified into 21 stands
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based on the overstory and understory coverage, structure, and compositions. Within each
classified stand, Simple Random Sampling (SRS) method was applied. A total of 139 quadrats
were recorded randomly within 21 patches and each of them had an area of 16 m2 Quadrats were
set up by using a field tape and the corners of each quadrat were established by using marking
flags to create boundaries of each quadrat. Within each quadrat, field coordinates, soil moisture,
Diameter at Breast Height (DBH), height, and number of overstory and midstory pine, hardwood
were measured. Also, 5-year increments and 10-year increments of overstory and midstory pine
trees were measured. Additionally, DBH, height, and number of mature trees and saplings of
Chinese tallow were measured. Height and percentage cover of understory shrubs, grasses,
Chinese tallow seedlings, and pine seedlings were also measured. Plot coordinates were recorded
using GPS and soil moisture was measured using a soil moisture meter at the center of the plot
(Moon City), at the depth of 4 inches. DBH was measured using diameter tape and heights were
measured using a hypsometer. For the measurements of 5-year and 10-year increment of pine
trees, an increment borer was used. Three midstory and three overstory trees were cored, if
available on each quadrat. The heights of understory species were measured using a metallic
measuring scale that has readings in inches or meters, where grid estimation (each quadrat has 16
grids) were used to predict coverage of understory vegetation.

The forest stands adjacent to roadways within the study unit had a higher degree of
Chinese tallow invasion than the other stands in the unit. To better document the patchy Chinese
tallow distribution within the study area, Line Transect Sampling (LTS) was carried out. LTS is
a method to measure the abundance of plants in a centerline (Buckland et al., 2007). LTS was
used to cover a large area of tallow dominant stands and 16 m2 quadrats at every 5 m distance of
the line transect were used to conduct field inventory in the distributed patches of Chinese
tallow. A total of 80 tallow transect quadrats were recorded. The measurements similar to SRS

method were carried out in quadrats measured using LTS method.
3.2.3 Data analysis

3.2.3.1 Correlation analysis
Correlation analysis was carried out to understand the relationship between Chinese
tallow and other forest variables. Correlation analysis provides information on the linear

relationship between two or more quantitative variables. Correlation coefficient values range
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from -1 to +1. (Gogtay & Thatte, 2017). Correlation analysis was carried out to understand the
significant relationship between Chinese tallow variables (such as density, height, basal area, and
age of mature tree and saplings of Chinese tallow), Chinese tallow understory variables (such as
percentage cover and height), and other variables such as moisture of each quadrat, density,
height, basal area, 5-year increment, 10-year increment and age of pine overstory and midstory

trees.

3.2.3.2 Inverse Distance Weighted (IDW) interpolation

To understand the pattern of Chinese tallow distribution, IDW interpolation was done
using R software. IDW interpolation assumes that the rate of similarities between points is
proportional to the inverse of distance between every point from their neighboring points
(Setianto & Triandini, 2013). The main factor affecting the accuracy of inverse distance
interpolation is the value of the power parameter p (Burrough & McDonnell, 1998).

Three different height classes of Chinese tallow on each quadrat were defined i.e.,
seedling, sapling and mature trees. These height classes were selected based on the previous
studies conducted on the similar study site (Fan et al., 2018). Seedling included height class less
than 1m, sapling covered height class from 1-3 m and mature trees included height above 3 m.
The density of overstory, midstory Chinese tallow, and percentage cover of understory Chinese
tallow seedlings was used as a response variable to model the IDW interpolation.

3.2.3.3 Zero inflated negative binomial (ZINB) regression analysis

The ZINB model was used at two levels. First, the model was applied to all 219 quadrats.
Second, the model was used for 80 transect-level plots recorded specifically for Chinese tallow
to understand the key factors associated with the distribution of size classes of Chinese tallow
(e.g., mature trees, saplings, and seedlings). Generally, ZINB regression model is used to model
count data that has an excess of zero counts, usually for over dispersed count variables. Since the
density of mature trees, saplings and seedlings of Chinese tallow had excess zero (Figure 9), over
dispersion and the variance was much greater than the mean, ZINB regression modeling was
used. We followed a methodology that was developed in a previous study at a similar site (Fan et
al., 2018). The pscl package from R software was used to run the model. The ZINB model
combines two equations i.e., Count model and logit model to evaluate the impact of involved

factors (predictors) on Chinese tallow density (response). The count model accounts for true 0
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values and predicts count for those values which are not excess 0. On the other hand, the logit

model accounts for excess 0 values (Moghimbeigi et al., 2008).
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3.3 Results

Results are summarized into three sub-sections. First, correlation analysis was performed
to understand the relationship between Chinese tallow abundance and variables associated with
pine, hardwood species, shrubs, and herbaceous grass cover. Second, IDW interpolation was
carried out to understand the pattern of Chinese tallow spread in the study area. The interpolation
was executed at three levels (mature trees, saplings, and seedlings of Chinese tallow) to
understand the associated factors facilitating Chinese tallow seed dispersal and recruitment.
Second, ZINB regression models were used for understanding contributing factors for seed
dispersal, seedling establishment and growth of mature Chinese tallow trees. ZINB regression
models were implemented using two datasets. First, using information of all 219 plots collected
using SRS and second, using information of only 80 Chinese tallow plots recorded using LTS, to
understand the factors associated with Chinese tallow seedling distribution, sapling

establishment and density of mature trees.

3.3.1 Correlation analysis

Correlation analysis was performed in R software to understand the relationship between
soil moisture, community structure (overstory, midstory and understory of pine and hardwood
species) and abundance of Chinese tallow community structure (mature trees, saplings, and
seedlings of Chinese tallow). Several studies have assessed the effects of topographic factors,
vegetation type and plant community structure on Chinese tallow abundance (Battaglia et al.,
2009; Bruce et al., 1995; Nepal et al., 2021). Chinese tallow was positively associated with
overstory woody species and abundance in marsh sites (Battaglia et al., 2009). A study found
longleaf/slash pine supported the abundance of Chinese tallow (Nepal et al., 2021). The
abundance of Chinese tallow seedlings was also supported by Morella sp. (Battaglia et al., 2009).

We found a positive correlation between soil moisture and overall Chinese tallow density
and basal area (p < 0.05) (Table 16). A positive correlation was also found between soil moisture
and Chinese tallow seedling cover. This suggests that mature trees, and seedlings of Chinese
tallow are found mostly in the areas with high moisture content within a range of 7-9 (out of 10).
As expected, a significant positive relationship was also found between Chinese tallow mature

density and understory Chinese tallow cover (Table 16). This supports our understanding that the
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understory Chinese tallow are supported by the seed source obtained from the mature/overstory
Chinese tallow trees.
Table 16. Table showing correlation between associated variables.

Variables Correlation p-value
coefficient
Chinese tallow overall density and moisture 0.32 p <0.05
Chinese tallow mature density and moisture 0.50 p <0.001
Chinese tallow mature basal area and moisture 0.49 p <0.001
Chinese tallow seedling cover and moisture 0.33 p <0.001
Chinese tallow seedling cover and grass cover -0.08 0.24
Chinese tallow sapling density and shrub cover -0.13 0.06
Chinese tallow mature density and understory Chinese tallow | 0.15 p <0.05
cover
Chinese tallow mature density and pine overstory density -0.03 0.75
Chinese tallow mature density and pine midstory density -0.08 0.52
Chinese tallow mature density and hardwood overstory -0.50 0.60
density
Chinese tallow mature density and hardwood midstory 0.08 0.68
density

3.3.2 Pattern of Distribution of Chinese tallow using IDW interpolation

The study area is surrounded by roads on the eastern side and northern side of the study
area (Figure 10a.). The northern roadside is close to a residential community whereas the eastern
roadside lies within the wildlife refuge. The northern side of the study area has comparatively
higher elevation, more water drainage with lower soil moisture content ranging around 1-6. The
southern region of the study area had standing water, had low elevation (1.5-6m above mean sea
level) (Teaford et al., 1995), and greater soil moisture content ranging around 4-9. The forest
stands in the study area are not homogenous. The overstory within the southern portion is
dominated by pine and hardwood trees which are favored by birds, (Hamel, 1992), and the
overstory within the northern portion is dominated by pine trees. Based on field observation, the
water flow obtained after rainfall, flowing from higher elevations of the northern region to lower
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elevations of the southern region is prone to carry Chinese tallow seeds to the southern region of
the study area.

With IDW interpolation, a clustered pattern of mature Chinese tallow was observed near
the road that lies within the wildlife refuge and has abundant soil moisture. A small cluster of
mature Chinese tallow was also observed adjacent to the northern road close to the residential
community (Figure 10b). A dispersed pattern of Chinese tallow saplings (Figure 10c) and
scattered Chinese tallow seedlings were also found near the eastern road within the wildlife
refuge (Figure 10d). Some Chinese tallow seedlings were also found near the residential
community.

Figure 10 provides the distribution of Chinese tallow size-classes (seedling, sapling and
mature tree) based on field collected density information of Chinese tallow sapling, mature tree
and percentage cover information of Chinese tallow seedling. Whereas Figure 7 presented in
Chapter 2 gives distribution map of Chinese tallow with highest overall accuracy for classifying
Chinese tallow obtained using maximum likelihood classifier on NAIP imagery and CHM
among the classification algorithms used. Both figures produced show high abundance of

Chinese tallow along the roadside within the national wildlife refuge.
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a. Aerial imagery of the study area. b. Pattern of mature Chinese tallow distribution.

c. Chinese tallow sapling distribution. d. Chinese tallow seedling distribution.
Figure 10. Distribution of Chinese tallow in O4 unit of MSCNWR based on IDW interpolation.
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The response variable used for overstory and midstory distribution of Chinese tallow was
Chinese tallow density and the response variable used for understory Chinese tallow distribution
was percentage cover of understory Chinese tallow. a. Aerial imagery of the study area where
blue boundary represents outline of the study area, red line on the eastern side represents road
within the wildlife reserve and yellow line on the northern side represents road close to
residential community. b. Pattern of mature Chinese tallow distribution in the study area. The
dark blue color shows no Chinese tallow density and yellow color shows highest Chinese tallow
density. c. Pattern of Chinese tallow sapling distribution in the study area. d. Pattern of Chinese
tallow seedling distribution in the study area.
3.3.3 Factors supporting spread of Chinese tallow at community level

ZINB regression models were used for understanding factors that support seed dispersal
and Chinese tallow establishment (presence of mature trees). ZINB model conducted using all
plot information showed no relationship between Chinese tallow tree and average pine overstory
size, pine overstory 10-year growth and pine overstory age. Additionally, there was no
relationship between mature Chinese tallow and average hardwood size (Table 17).

Table 17. Results of Zero Inflated Negative Binomial regression models using all plots.

Density of mature Chinese tallow and pine over story variables
Count model coefficients (negative binomial with log link)

Estimate Std. Error z value Pr(>|z|)
(Intercept) -1.226 1.711 -0.717 0.474
Average Pine overstory 0.586 0.927 0.633 0.527
size (ft?/plot)
Pine over story 10-year 0.066 0.722 0.091 0.927
growth (in)
Pine overstory age 0.030 0.022 1.352 0.176
(number)
Log(theta) 1.716 1.499 1.145 0.252
Zero-inflation model coefficients (binomial with logit link):

Estimate Std. Error z value Pr(>|z|)
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(Intercept) 9.709 3.903 2.487 p<0.05

Mature tallow and hardwood species

Count model coefficients (negative binomial with log link:)

Estimate Std. Error z value Pr(>|z|)
(Intercept) 1.306 0.626 2.085 p<0.05
Hardwood size (ft?/plot) -10.971 13.787 -0.796 0.426
Log(theta) 0.427 1.457 0.293 0.769

Zero-inflation model coefficients (binomial with logit link):

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

(Intercept) -0.796 1.289 -0.618 0.536

However, the ZINB model conducted using only tallow plots showed a positive
relationship between mature Chinese tallow density, average pine overstory size and pine
overstory age (p < 0.05) For each 1 ft?/plot increase in pine overstory size, we found that mature
Chinese tallow was 2.216 times as likely to be present (p<0.05). For each 1-year increase in pine
overstory age, we found that mature Chinese tallow was 0.145 times as likely to be present
(p<0.005) (Table 18). Since all mature Chinese tallow had age greater than 10 years, the 10-year
increment of pine overstory had no effect on mature Chinese tallow density, there was no

relationship between pine overstory 10-year growth and mature Chinese tallow (Table 18).
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Table 18. Table showing results of Zero Inflated Negative Binomial regression models using

only tallow plots.

For tallow plots, mature tallow density and pine variables
Count model coefficients (negative binomial with log link:)

Estimate Std. Error z value Pr(>|z|)
(Intercept) -6.214 2.577 -2.411 p <0.05
Pine overstory size 2.216 1.041 2.127 p <0.05
(ft?/plot)
Pine over story 10-year |-2.821 1.525 -1.849 0.064
growth (in)
Pine overstory age 0.145 0.055 2.607 p <0.05
(number)
Zero-inflation model coefficients (binomial with logit link):

Estimate Std. Error z value Pr(>|z|)
(Intercept) -128.08 11101.09 -0.012 0.991

3.4 Discussion

Abundant mature Chinese tallow trees were observed in areas with high soil moisture,
ranging from 7-9. This suggests that mature Chinese tallow on this site were found mostly in
areas with high availability of water or area that favors seed movement. A study similar to this
found positive correlation between soil moisture and Chinese tallow abundance (Burns & Miller,
2004). An observational study noted high flood tolerance in Chinese tallow seedling (Jones &
Sharitz, 1990). This may be the reason for the successful establishment of Chinese tallow
seedlings in areas with high soil moisture. The areas having mature Chinese tallow trees
supported the abundance of Chinese tallow seedlings. The presence of seedlings may be due to
seed sources from mature Chinese tallow trees. Fan et al. (2021a) found similar results in the
nearby Grand Bay National Wildlife Refuge, Mississippi, with high Chinese tallow seed and
seedling densities in sites that were nearest to mature seed trees.

The distribution of Chinese tallow determined using IDW interpolation revealed a

clustered pattern in the southeastern region of the study area. This section is characterized by
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high seed availability, low elevation, flooded area and near proximity to a road within wildlife
refuge (Figure 10a.). A good seed source, seed dispersal modes through birds and water are
likely the direct contributing factors for the spread of Chinese tallow. Chinese tallow distribution
was influenced by seed dispersal, low temps, and soil moisture (Pile et al., 2017). These findings
are also supported by Fan et al. (2021b) conducted at MSCNWR that highlights the importance
of seed sources, propagule pressure, proximity to roads for facilitating the spread of Chinese
tallow and Fan et al. (2018) conducted at Grand Bay National Wildlife Refuge that noted the
avian seed dispersal and water dispersal as the supporting factors for the abundance of Chinese
tallow in the coastal region of Mississippi.

Additionally, other supporting factors such as abundance of overstory trees for bird
habitat and water current for seed dispersal (due to low elevation), provide evidence for the
abundance of Chinese tallow distribution in southeastern region of the study area. Based on the
field observations, the areas with overstory pine trees had abundance of mature trees and
seedlings of Chinese tallow. A study conducted in southern region of US shows that birds
generally favor overstory trees for their habitat (Hamel, 1992). The abundance of overstory trees
implies good habitat for birds. In addition, we observed a significant positive relationship
between average size of overstory pine trees and density of mature Chinese tallow using ZINB
model. This implies that the overstory trees, favored by birds for their habitat, are facilitating the
Chinese tallow seed dispersal. Fan et al. (2021a) conveyed that the large abundance of tallow
seedlings and saplings are due to high overstory tree in the study sites that facilitates birds.

Furthermore, some of the Chinese tallow seedlings were found distributed on the
northern region of the study area. Based on the in-situ observations, the northern roadside of the
study area is bordered by residential communities with Chinese tallow growing on these private
properties (Figure 10a). Chinese tallow is preferred in southern residential communities due to its
aesthetically pleasing leaves during fall. It may be possible that the seed source of such a small
patch of Chinese tallow distribution is from home gardens of nearby residential communities.

There were not any overstory hardwood species and very few midstory hardwood species
in tallow-invaded plots as compared to the non-tallow invaded plots as observed during the field
data collection. We did not find any relationship between hardwood species and Chinese tallow
density. However, studies such as Tian et al. (2017) and Yang et al. (2021) conducted in coastal

region of Mississippi proclaimed the probability of Chinese tallow to outcompete hardwood
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species. Furthermore, Nepal et al. (2021) reported the vulnerability of hardwood forest to the
Chinese tallow invasion. Yang et al. (2021) and Sui et al. (2015) added that it is easier for
Chinese tallow to invade hardwood forests as compared to pine forests.

Fan et al. (2021a) demonstrated that biological invasion is regulated by community
structure, and the obtained findings from the study provide evidence in support of this. The seed
dispersal, establishment and distribution of Chinese tallow depends on different factors of plant
community. We observed that direct and contributing factors along with community

characteristics play a vital role in influencing the spread and pattern of Chinese tallow invasion.

3.5 Conclusion

The distribution of Chinese tallow in the study area revealed a clustered pattern with the
concentrated density of Chinese tallow in southeastern region of the study area, characterized by
good seed source, reliable modes of seed dispersal, and high soil moisture content. For the spread
of Chinese tallow in the specific region of the study area, several supporting factors were found.
The direct contributing factors for the spread of Chinese tallow were identified as good source of
propagule pressure and seed dissemination routes i.e., through birds and water. Additional
factors that helped the spread of Chinese tallow included the existence of high soil moisture, low
elevation, proximity to road, abundance of overstory trees for bird habitat, and overland water
flow for seed dissemination. Furthermore, Chinese tallow seed dissemination appeared to be
aided by overstory pine trees, which birds like for their habitat. The study's findings demonstrate
how community structure can affect Chinese tallow's distribution. We conclude that the
distribution and pattern of the Chinese tallow invasion are significantly influenced by both direct

and indirect supporting factors as well as community characteristics.
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Chapter 4: Conclusion

Due to the limited research on using remote sensing data for detecting Chinese tallow and
Chinese privet over a broad spatial extent, an exploratory study to investigate the potential of
free and open access remote sensing data on detecting and mapping the distribution of crucial
invasive species was conducted. The initial, spatially comprehensive baseline map of invasive
species obtained from the study is expected to support larger-scale mapping. Compared to
purchasing commercial data, the workflow employed in this study provides a low-cost,
replicable, and reliable data framework. Specifically, the freely available high-resolution multi-
spectral aerial imagery such as National Agriculture Imagery Program (NAIP) and airborne lidar
data downloaded from United States Geological Survey 3D Elevation Program (USGS 3DEP)
were used for the study. From the implementation and comparison of multiple image
classification approaches, a maximum overall accuracy of 98.62% and kappa coefficient of 0.86
was achieved using Random Forest (RF) model with lidar-derived products and NAIP imagery.
Regardless of the algorithms used, adding lidar-derived variables to NAIP imagery increased the
overall accuracy of the classified map. Moreover, the RF algorithm used with addition of lidar-
derived variables and NAIP imagery was found feasible to classify Chinese tallow and Chinese
privet as compared to using NAIP imagery alone.

Studies show that airborne lidar has been used effectively to map invasive species,
especially, tree species. However, due to limitations related to temporal resolutions of airborne
sensors, it may not be as effective in mapping invasive species of interest. Additionally, the
temporal resolution of NAIP imagery limits the information about species of interest for desired
seasons. Additionally, if the species of interest is masked by overstory species, it is difficult to
discern the species from imagery. In this study, we faced difficulty in detecting Chinese privet as
an understory shrub, concealed under hardwood trees with similar spectral reflectance. Hence,
we tried improving the accuracy of mapping the distribution of Chinese privet using lidar derived
Canopy Height Model (CHM) and Canopy Density Model (CDM) integrated with NAIP
imagery. With the RF algorithm, Chinese privet was not detected from NAIP imagery, NAIP
imagery integrated with CHM and NAIP imagery integrated with CHM and CDM having the
height cutoff of 40 m. After adding the CDM with a height cutoff of 7m, Chinese privet was
detected. This suggests that for mapping invasive species concealed under canopy, models
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developed with specific height cutoffs favoring the height of species aids in detection of the
invasive species. In this case, the maximum height of Chinese privet recorded in the study site
was 7m, hence developing CDM with a height cut-off of 7m was quite beneficial to detect
Chinese privet in the study area.

If the species of interest is abundantly distributed over the study site, high resolution
aerial images such as NAIP imagery, with 1m spatial resolution, are quite useful, but if the
species of interest is sparsely distributed, then detection of target species may be difficult.
Ramsey’s studies hypothesized the feasibility to detect Chinese tallow during the fall months,
when it is senescing with distinct red color (Il et al., 2002; Ramsey & Rangoonwala, 2018).
However, such a methodology that relies on spectral differences between vegetation is prone to
create a confusion between other senescent vegetation and Chinese tallow, unless multitemporal
datasets are leveraged. Additionally, not all the plants senesce at the same rate, hence it is
difficult to identify Chinese tallow from NAIP imagery only. In this case, the CHM and CDM
derived from lidar enhances the potential of multispectral NAIP imagery to detect Chinese
tallow. There are also opportunities for investigating the use of other machine learning
algorithms such as Support Vector Machine (SVM) and Stochastic Gradient Boosting, using
integrated NAIP imagery and lidar data, for increasing the accuracy of Chinese tallow and
Chinese privet detection. A study found higher accuracy for mapping invasive species using
SVM as compared to RF and object-based classification. (Liang et al., 2020).

The second study, presented in Chapter 3, provides an understanding about the spread
pattern and factors supporting the spread of Chinese tallow in MSCNWR. The knowledge about
factors that contribute the spread of Chinese tallow aids in Chinese tallow management decisions
in future. The distribution of Chinese tallow was observed in areas characterized by good seed
source, reliable modes of seed dispersal, and soil moisture. Numerous contributing factors were
discovered for the proliferation of Chinese tallow in the study area. Good sources of propagule
pressure and seed dissemination pathways, such as through birds and water, were found to be the
direct contributing factors for the spread of Chinese tallow. High soil moisture, elevation, light
availability, proximity to road, forest types, abundance of overstory trees for bird habitat, and
water current for seed dissemination were additional elements that contributed to the spread of
Chinese tallow (Fan et al., 2018; Fan et al., 2021; Pile et al., 2017).
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The results of the study show clustered pattern of Chinese tallow distribution, influence
of community structure on germination, establishment, and growth of Chinese tallow. We
concluded that both direct and indirect supporting factors, as well as community characteristics,
have a major impact on the prevalence and pattern of the Chinese tallow invasion. Since the best
time to control invasive plant is at the early stages of its spread, this study provides information
on where dispersed Chinese tallow is likely to establish. The pattern and risk factors of Chinese
tallow spread can be accounted as hot spots for prioritizing control measures.

For the management of Chinese tallow invasion in southern coastal areas of the US,
direct and indirect supporting factors of Chinese tallow spread should be considered. For
instance, to reduce Chinese tallow spread from edge to interior, all tallow seed trees should be
removed along the edges of road. Areas prone to have accumulated water should be monitored
regularly for the early detection of Chinese tallow. Management activities such as timber
extraction, prescribed fire, constructing fire lines and roads should be evaluated carefully to
reduce the risk of potential Chinese tallow invasion. Control measures such as prescribed burn,
mechanical removal, or herbicide treatment should be conducted timely. It might be possible for
complete removal of Chinese tallow from small target sites, but removal from large areas (across
landscapes) may be challenging. Hence, it is still necessary to comprehend the driving forces
behind invasion from an integrated, multitemporal, and multiscale perspective at the level of
individual establishment, population expansion, and post-invasion dissemination at a landscape
level. Additionally, if there are seed trees within residential communities, such as adjacent to the
Mississippi Crane National Wildlife Refuge, efforts undertaken inside wildlife refuge for
controlling Chinese tallow will likely be in vain. Therefore, if practical, it is highly
recommended that the wildlife refuge conducts an awareness campaign to remove Chinese
tallow seed tress from surrounding residential communities and disseminates information about

the ecological and economic impacts of invasive plant species on native ecosystems.
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