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Abstract

With the rapid advances in globalization, invasive plants have raised critical pressure on both local ecosystem and human society.  As an invasive plant species with wide ecological tolerance and fast infestation, kudzu has posed persistent challenges to ecosystems and economy in the southeastern United States. However, current research on kudzu invasion is notably insufficient without a thorough understanding of the characteristics of kudzu growth and its spatiotemporal dynamics. The development of remote sensing technology, coupled with diverse data sources and enhanced processing capabilities, eables efficient detection of kudzu invasion across various time and spatial scales. This research focuses on mapping kudzu invasion on multi-source remote sensing images and investigating the dynamics and influential factors of kudzu growth across continuous time and space.  The research was conducted in Knox County, Tennessee, which is one of the major regions affected by kudzu invasion, resulting in significant adverse impacts on both ecology and the economy. First, kudzu mapping method was developed using multispectral Sentinel-2 images at the moderate resolution, integrating spectral unmixing analysis and phenological characteristics. The method consists of three steps, which are linear unmixing, phenology-based masking, and nonlinear unmixing, and finally reaches relatively high accuracy, with user’s accuracy (UA), producer’s accuracy (PA), Jaccard, and Kappa index values of 0.858, 0.907, 0.789, and 0.725, respectively. The method is then adapted to a multi-temporal mapping strategy to monitor kudzu distribution based on repeated Sentinel-2 observations. Our results indicates a steady increase in kudzu invasion areas from 2020 to 2022, with a phenology of the growth season from May to September (peak in August) and a rapid defoliation in the fall. We found precipitation is not a limiting factor for kudzu growth, while temperature has strong correlations with kudzu growth, exhibiting seasonal variations. Human activities also play an important role in kudzu distribution. Finally, a high-resolution kudzu mapping method was developed based on Segment Anything Model (SAM) using high-resolution NAIP image. The box prompts mode provides the most reasonable and accurate kudzu map with inputs of precise bounding boxes of kudzu patches, which also outperforms Support Vector Machine (SVM)-based kudzu mapping. The proposed kudzu mapping methods are important references for future research in mapping the distribution of invasive plants with remote sensing technology at different spatial and temporal scales. The observed unique kudzu growth patterns and its interactions with various environmental factors are also crucial to prediction, prevention, and management of kudzu and other invasive plants in the southeastern United States.
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1.1 Overview of the doctoral research
Invasive plant species have become major global threats to ecosystems and have dramatically affected the regional environments and human lives. Generating spatially continuous, multitemporal maps of invasive plant species is hence an important step for effective invasion control and management. With the development of data acquisition and processing technology, remote sensing has proved to be a useful tool for continuous mapping of invasive species at different spatial scales. Kudzu, as one of the widely and fast spread invasive plants in the southeastern United States, has imposed significant pressures on both local economy and ecology. However, current research on kudzu distribution and its invasion mechanisms is notably insufficient and unattended although it is recognized as one of the 100 worst bio-invaders in the world. Detection of kudzu distribution on remote sensing image is also challenging because of the mixed reflectance from the surrounding vegetation and the minimal spectral difference with the native trees.

The proposed doctoral research investigated kudu invasion in Knox County, Tennessee, which is one of the major areas plagued by kudzu invasion in the southeastern United States. This research consists of three parts, kudzu mapping on multispectral images based on spectral unmixing and phenological characteristics, investigation on spatial and temporal patterns of kudzu invasion and its influential factors, and high-resolution kudzu mapping based on artificial intelligence (AI) model. On the multi-spectral remote sensing image, spectral unmixing analysis is integrated with phenological characteristics to generate multi-temporal kudzu maps. Then kudzu growth was tracked in the past three years to evaluate kudzu phenology and invasion trajectory in the study area.  We also investigated the potential effects on kudzu invasion of climate factors, human activities, and its interaction with the surrounding vegetations. The low-resolution kudzu mask created from the multi-spectral images was finally integrated with the pretrained AI model, Segment Anything Model (SAM), to develop advanced mapping strategies for precise delineation of kudzu invaded areas. 

This dissertation work fills the research gap of mapping and investigating the growth and invasion characteristics of invasive kudzu in broad temporal and spatial coverage in the southeastern United States. It provides a general procedure for invasive plant species mapping based on multi-source remote sensing data. The freely available multispectral remote sensing imagery from Sentinel-2, with its repeated observations, enables continuous monitoring of invasions. Additionally, pretrained AI models and high-resolution images provide opportunities for efficient and precise mapping. These methods are also adaptable to other study areas and target plant species.


[bookmark: _Toc177671044]1.2 Background and related studies
[bookmark: _Toc102547575][bookmark: _Toc177671045]1.2.1 Remote sensing mapping of invasive plants
The invasion of nonnative plant species has become a global threat to ecosystems due to their competitive advantages in new environments [1]. Invasive plants have dramatic effects on biodiversity, ecological functions, and ecosystem structures by outcompeting and reducing the productivity of native plants, changing the dominant vegetation types, and altering soil properties [2,3]. From these perspectives, invasive plants have been recognized as a major non-climatic driver of global change [4,5]. At the same time, invasive plants have caused billions of dollars of economic losses each year by reducing agricultural production and damaging infrastructure [6]. These economic losses could be much higher under scenarios involving native species extinction, biodiversity reduction, and ecosystem function deterioration [7]. Consequently, precise distribution maps are in high demand for local land managers to control and eradicate invasive plants [8].

Forest inventory is an important approach to accurately identify and locate invasive plants but it’s not efficient and requires intensive investments of labors and materials. Remote sensing imagery provide broad spatial and temporal coverages, which allow for generating spatially continuous and multitemporal maps of the occurrence of invasive plants with lower labor and time costs [9]. The most common approach to map invasive plants is based on the differences in spectral signatures, usually using hyperspectral imagery [10]. With improved spatial resolutions, textural features are also extracted for mapping invasive plants, such as object-based image analysis (OBIA) [11]. In addition, phenology, such as distinct growth patterns, coloration times, and flower colors, has also been used in mapping invasive plants [12]. However, most existing studies have focused on mapping invasive species over relatively small areas and at a specific time using high-resolution or hyperspectral imagery [2]. The high cost of these images limits the applications of the developed methods. The advanced multispectral imagery with improved spatial and spectral resolutions provides a unique opportunity to extract distinct invasive plants accurately and efficiently. Repeated observations and unlimited access of these images also allow for phenological analysis, which has not been fully implemented in mapping invasive species yet.

[bookmark: _Toc102547576][bookmark: _Toc177671046]1.2.2 Kudzu invasion in the United States
Kudzu, also called Japanese arrowroot, is an invasive plant that is widely spreading in the southeastern United States. It has been identified as one of the 100 worst bio-invaders in the world because it climbs to the top of native trees then infests and weakens them by impeding their photosynthetic activity and reducing carbon fixation [1,3]. It was introduced to North America from eastern Asia in 1876 in the Japanese exhibit at the Centennial International Exposition held in Philadelphia, Pennsylvania. It was originally introduced as an ornamental plant and adopted as fodder crop and bio-protection of hillslope erosion [10,13]. With the absence of natural predators and the capability of rapid growth, kudzu grows over native plants, houses, and local infrastructures, leading to widespread death of native plants and economic losses [14]. Approximately $500 is estimated per ha per year for a period of five years to control kudzu effectively on productive forest land, which is more than the profit from the average 25-year-old stand of pines on the same ground [15]. In addition, kudzu also decreases air quality by emitting chemicals that affect tropospheric ozone levels and reduces soybean production by introducing pests [15,16]. 

[bookmark: _Toc102547577][bookmark: _Toc177671047]1.2.3 Current studies on kudzu mapping
Early investigations reported kudzu distribution in the United States at the state level in 2004 [17, 18]. The specific and explicit kudzu distributions were mapped using hyperspectral images. An automated system with Haar discrete wavelet transform was designed to detect kudzu invasion by the hyperspectral signatures [19]. Minimum noise fraction transforms and spectral angle mapper on the hyperspectral images also provided high accuracy for both kudzu-invaded and non-invaded plots [20]. However, the high cost of the hyperspectral imagery limits the application of the developed methods. The recent development of advanced methods, including machine learning algorithms and object-based classification, allows for the application of multispectral and high-resolution images in kudzu mapping [15,20,21]. For example, kudzu invasion in Knox County were predicted by random forest (RF) and support vector machine (SVM) using the high-resolution image from National Agriculture Imagery Program (NAIP) in 2016. However, it did not provide the distinguishable kudzu features and the potential driving factors that would be important reference for long-term kudzu invasion control. Additionally, the hyperspectral and high-resolution images used in current research are not frequently acquired, limiting long-term monitoring [22–24].  Spatial interpolation from collected field data was also implemented to estimate the distributions of kudzu invasion [3]. This method was unable to provide multi-temporal kudzu maps, and the mapping accuracy was limited by the sampling accuracy. 

The current methodology developed for kudzu mapping is not adaptive to large areas, extended time period, and easily accessed dataset.  A research gap therefore exists in developing reliable kudzu mapping method for undertaking a thorough investigation of the characteristics of kudzu growth and invasion on broad temporal and spatial scales. The work described in this dissertation aims to fills the current research gaps on kudzu mapping. 



[bookmark: _Toc177671048]1.3 Research objectives
This study aims to map the invasion of kudzu using multi-source remote sensing images and investigate its invasion dynamics and mechanics. The major objectives include:

(1) Propose the kudzu mapping method for multispectral remote sensing images based on spectral unmixing analysis and phenological characteristics. Spectral unmixing analysis was used to address the mixed pixel issue and kudzu phenology was integrated to distinguish kudzu from surrounding vegetations. (Chapter 2)

(2) Adapt the kudzu mapping method to a multi-temporal mapping strategy and generate continuous kudzu invasion maps using the Sentinel-2 multispectral images in the past three years (2020-2022). (Chapter 3)

(3)  Investigate kudzu phenology and invasion dynamics in the study area based on monthly kudzu invasion maps, and explore the relationships between kudzu growth and various factors to evaluate their potential influence on kudzu invasion for future invasions control. (Chapter 3)

(4) Advance the kudzu mapping method for the high-resolution remote sensing image based on the pretrained AI model, Segment Anything Model (SAM), with different prompts input in various landscapes. (Chapter 4)

(5) Exlopre the strategies of remote sensing image segmentation using different SAM prompting modes with minimal coding efforts. (Chapter 4)




[bookmark: _Toc177671049]1.4 Research significance
As a widely spread invasive plant in the United States, kudzu has become one of the major threats to native trees, especially in the southeastern. As mentioned earlier, some studies have attempted to map kudzu using remote sensing methods. However, they failed to provide a comprehensive description of the unique characteristics of kudzu and are not applicable to long-term and large-scale monitoring. 

The key innovations of the proposed work are: (1) investigating phenological characteristics of kudzu and applying the phenological characteristics to improve kudzu mapping; (2) mapping kudzu distribution on different spatial resolutions and data sources at the county level; (3) examining the performances of traditional spectral analysis methods and advanced artificial intelligence model in kudzu mapping; (4) generating continuous kudzu maps and identifying the invasion patterns and its interactions with various factors; (5) proposing the mapping strategies for applying SAM on remote sensing images with different prompts.  This study provides the monthly kudzu invasion maps based on the widely available imagery, which is adaptable to other study areas where kudzu is also troublesome. The developed methods also demonstrate critical evidence for the identification of other invasive plant species in remote sensing, which would improve the efficiency and effectiveness of invasive species control. The interactions between kudzu invasion and environmental factors will play an important role in predicting the expansion of kudzu invasion and protecting native trees. The proposed strategies for SAM segmentation modes are important references for future research on utilizing SAM model in image segmentation, classification, and object detection on remote sensing images, without heavy coding efforts.

[bookmark: _Toc177671050]1.5 Organization of the dissertation
This dissertation is organized in a manuscript format that includes three manuscripts targeted for different journals.

Chapter 1 provides an overview and background of the dissertation work. Related literatures were reviewed in this chapter on remote sensing mapping of invasive plants and kudzu invasion in the United States. I also summarize the current research on kudzu mapping, identify the research gap, and claim significance of the dissertation work.

Chapter 2 focuses on developing kudzu mapping method. I propose a three-step classification process to map kudzu in Knox County, Tennessee, using multispectral Sentinel-2 images and the integration of spectral unmixing analysis and phenological characteristics. The performances of each of the three classification steps were evaluated in the kudzu mapping process. The misclassification with surrounding vegetations and the selection of the spectral unmixing model were also discussed in this chapter.

Chapter 3 investigates kudzu expansion and its influential factors in Knox County, Tennessee. Monthly kudzu invasion maps were generated to examine kudzu phenology and invasion dynamics from 2020 to 2022. This chapter also includes investigations of the potential effects of climate variables and human activities on kudzu growth, and the correlations between kudzu growth and the surrounding plants. Implications of the research are discussed for kudzu and the other invasive plants management and control.

Chapter 4 implements the artificial intelligence (AI) model, Segment Anything Model (SAM), on kudzu mapping and compares the differences between several kudzu mapping methods. Performances of three SAM segmentation modes with different prompts were evaluated for kudzu mapping and the mapping strategies are discussed in this chapter. 

Chapter 5 summarizes the major findings of the dissertation research and proposes the current limitations and improvement plans for future work. 
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The format of this chapter follows the requirements of this journal. The use of “we” in this chapter refers to all co-authors on the manuscript. As the first author, my primary contributions to this work include (i) forming the research idea; (ii) collecting, processing, and analyzing the data; (iii) gathering and organizing the literature; (iv) producing the necessary tables and figures; (v) writing and revising the manuscript.














Abstract: As an invasive plant species, kudzu has been spreading rapidly in the Southeastern United States in recent years. Accurate mapping of kudzu is critical for effective invasion control and management. However, the remote detection of kudzu distribution using multispectral images is challenging because of the mixed reflectance and potential misclassification with other vegetation. We propose a three-step classification process to map kudzu in Knox County, Tennessee, using multispectral Sentinel-2 images and the integration of spectral unmixing analysis and phenological characteristics. This classification includes an initial linear unmixing process to produce an overestimated kudzu map, a phenological-based masking to reduce misclassification, and a nonlinear unmixing process to refine the classification. The initial linear unmixing provides high producer’s accuracy (PA) but low user’s accuracy (UA) due to misclassification with grasslands. The phenological-based masking increases the accuracy of the kudzu classification and reduces the domain for further processing. The nonlinear unmixing further refines the kudzu classification via the selection of an appropriate nonlinear model. The final kudzu classification for Knox County reaches relatively high accuracy, with UA, PA, Jaccard, and Kappa index values of 0.858, 0.907, 0.789, and 0.725, respectively. Our proposed method has potential for continuous monitoring of kudzu in large areas. 


Keywords: kudzu; linear spectral unmixing; nonlinear spectral unmixing; phenology; Sentinel-2 



[bookmark: _Toc177671053]2.1 Introduction 
Remote sensing has the advantage of allowing continuous monitoring of vegetation distributions across large areas. The broad spatial and temporal coverage of remote sensing imagery allow for spatially and temporally continuous maps of the occurrence of invasive plants to be generated with lower labor and time costs [1]. The most common approach to mapping invasive plants is based on the differences in spectral signatures, usually using hyperspectral imagery [2,3,4]. With improved spatial resolutions, textural features are also extracted for mapping invasive plants, such as object-based image analysis (OBIA) [5]. In addition, phenology, such as distinct growth patterns, coloration times, and flower colors, has been also used in mapping invasive plants [6,7,8]. However, most existing studies have focused on mapping invasive species over relatively small areas and a single time period using high-resolution or hyperspectral imagery [2,9]. The high cost of these images limits the applications of the developed methods. The newly launched multispectral satellite, Sentinel-2, having improved spatial and spectral resolutions, provides a unique opportunity to extract distinct features of invasive plants accurately and efficiently. Repeated observations of Sentinel-2 images also allow for phenological analysis, which has not been fully implemented in the mapping of invasive species to date. 

Kudzu is an invasive plant that is widely spreading in the southeastern United States, which grows to the top of native trees to impede their photosynthetic activity and reducing carbon fixation [10]. It was originally introduced as an ornamental plant and adopted as fodder crop and for bio-protection of hillslope erosion [11]. With the absence of natural predators and the capability for rapid growth, kudzu grows over native plants, houses, and local infrastructures, leading to widespread death of native plants and economic losses [12,13]. In addition, kudzu also decreases air quality by emitting chemicals that affect tropospheric ozone levels and decreases soybean production by introducing pests [14,15]. Studies have attempted to map kudzu by machine learning algorithms and object-based classification using hyperspectral and high-resolution images [16,17,18]. Machine learning algorithms are usually computationally intensive, making them inapplicable to large areas and datasets. The methods developed based on hyperspectral and high-resolution images are also limited for long- term monitoring. It is therefore of critical importance to develop accurate and efficient methods to generate kudzu presence maps based on widely available multispectral imagery for invasion control and management. 

Remote-sensing-based kudzu mapping has several challenges. The first challenge is the mixed pixel problem. Kudzu grows on top of the canopy and is not spatially separated from the invaded community. Reflectance received by remote sensors is, therefore, mixed from both kudzu and native vegetation, except for the locations where dense kudzu covers the full scene. The mixed reflectance degrades the classification accuracy in kudzu mapping when using multispectral images [19]. Spectral unmixing methods have been developed to address the mixed pixel issue. Another challenge is that kudzu, as a type of vegetation, has similar spectra than nearby trees and grasslands. Therefore, spectral information alone is not enough to separate kudzu from surrounding vegetation. Incorporating phenological characteristics has the potential to separate kudzu and native plants. 

In this study, we propose a three-step classification process for kudzu mapping based on the integration of spectral unmixing analysis and phenological characteristics using multispectral Sentinel-2 imagery. We demonstrate this classification method in Knox County, Tennessee, where kudzu is one of the most troublesome weeds to invade native vegetation [20]. The objectives of this paper are to: (1) describe our proposed classification method for kudzu mapping; (2) assess the performance of each of the three classification steps in the kudzu mapping process; (3) generate kudzu presence maps of Knox County. Our proposed method only requires the multispectral Sentinel-2 images, which are freely available and can be applied to monitor kudzu invasion at the regional scale. 
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Knox County is located in Eastern Tennessee (Figure 2-1), covering 1316 km2 and with a population of 470,313 [21]. This area includes a set of parallel ridges and valleys oriented from northeast to southwest [22]. This area has a humid subtropical climate. The average high temperature in July is about 31 ◦C and the average low temperature in January is about −2 ◦C [23]. The annual precipitation is about 1400 mm, occurring throughout the whole year, with no significant differences between seasons [24,25]. The warm temperature and high humidity provide a favorable environment for vegetation growth [24]. Forests and herbaceous areas cover 34.12% and 21.5% of the study area, respectively [15]. 
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2.2.2.1. Remote Sensing Images and Pre-Processing
Sentinel-2 images were used to map the kudzu distribution. The Sentinel-2 satellites were launched in 2015 with multispectral instrument (MSI) sensors on board. Sentinel-2 images are freely available and frequently revisited and show improved spatial resolution, large coverage, and rich spectral information from the visible (VIS) and near-infrared (NIR) to the short-wave infrared (SWIR) bands, which is necessary for the optimal detection and mapping of invasive plants [26]. Sentinel-2 images also provide bands with narrow band widths at the red edge and near-infrared wavelengths that are sensitive to vegetation variations. Table 2-1 lists the main technical specifications of the Sentinel-2 image bands.

We downloaded the Level-2A products that are organized as atmospherically and geometrically corrected bottom-of-atmosphere (BOA) reflectance images (https://scihub.copernicus.eu, last accessed on 11 November 2021). The Level-2A products are composed of 100 km2 tiles in UTM/WGS84 projection. Our study area is fully covered by two adjacent Sentinel-2 tiles (tile numbers 16SGF and 16SGE). Images acquired at two times were used based on the kudzu phenology—one acquired in spring (9 May 2020) when kudzu leaves had not sprouted and the other in fall (6 September 2020) when kudzu leaves are still green, but defoliation of the other vegetation has not started. Both images were clear and cloud-free across the study area. Kudzu leaves grow in spring and drop in fall, with a lagging growth period compared with the surrounding vegetation. Given these unique phenological characteristics, the growth conditions derived from these two times were used to identify kudzu from other vegetation. 

We extracted the images of Knox County using a shapefile boundary and resampled the bands with 20 m spatial resolution to 10 m resolution. Ten VIS (bands 2–4), red edge (bands 5–7), NIR (bands 8, 8b), and SWIR (bands 11,12) bands were composited to a multiband image stack for kudzu classification. Vegetated areas were extracted based on the classification map provided in the Sentinel-2 Level-2A products. The above image analyses were performed on ENVI 5.5.3 software. 

2.2.2.2. Reference Data
The reference data were collected from high-resolution imagery in Google Earth. Google Earth provides a three-dimensional interactive view of the entire study area. It makes data collection more efficient without any access constraints [28]. The high-resolution imagery in Google Earth includes Geo-eye and WorldView imagery up to 0.31 m in resolution. We identified several regions that were fully invaded by kudzu and digitized the boundaries of kudzu patches in Google Earth. The other vegetations were generally categorized as trees and grasslands. Patches of typical trees and grasslands in the study area were also digitized for spectral unmixing analysis. We considered other land covers that were potentially mixed with kudzu and collected the corresponding patches in Google Earth. These patches, categorized as “others”, were mainly non-vegetated areas near kudzu invasion sites, since kudzu usually invade along the forest edges near roads and residential areas, meaning there may be some non-vegetated areas omitted from vegetation extraction. Therefore, the reference data were collected in four categories: kudzu, trees, grasslands, and others. 

Kudzu is known to have a lagging growth period with a late leaf dropping stage, which makes it more distinguishable in fall. We, therefore, collected the reference data in fall, when kudzu is green and detectable. We also double checked the boundaries on the Sentinel-2 images to make sure pixels within the reference areas were fully covered by kudzu. A total of 467 polygons of kudzu, trees, grasslands, and others were digitized in Google Earth as KMZ files in our study area. The digitized polygons were converted to shapefiles and georeferenced to the Sentinel-2 images in ArcGIS Pro 2.6.0. The digitized dataset included 237 polygons (1788 pixels) of kudzu, 45 polygons (14588 pixels) of trees, 82 polygons (9718 pixels) of grasslands, and 103 polygons (4755 pixels) of others. These polygons were used as the reference data for unmixing spectra extraction and classification accuracy assessment.
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Our proposed spectral unmixing and phenology-based kudzu identification method consisted of three sequential steps (Figure 2-2). First, we used the linear unmixing algorithm to estimate the subpixel abundance of kudzu and the surrounding land features. Then, we integrated the phenological characteristics of kudzu with the initial linear abundance estimation to remove misclassified vegetation and to reduce the space domain for further processes. Finally, we applied the appropriate nonlinear unmixing model on the extracted areas to improve the accuracy of the kudzu presence map. The kudzu distribution was mapped using the fall image due to its high greenness at that time.

2.2.3.1. Initial Estimation by Linear Unmixing
As mentioned earlier, kudzu pixels in the multispectral images are mainly mixed pixels of kudzu and native plants. Spectral unmixing approaches have been developed to estimate the fractional coverage (abundance) of each feature (endmember) in a pixel [29]. The linear spectral unmixing method only considers the direct reflectance from each endmember [30]. It is easy to interpret and has been successfully applied to classify invasive plants [1,31,32]. 

We first applied the linear unmixing approach on the Sentinel-2 images to estimate the initial abundance. Linear spectral unmixing assumes that the observed spectrum in a pixel on the remote sensing images is the linear combination of the spectra of limited endmembers [33]. The linear coefficient of each endmember represents its abundance, corresponding to its respective areal proportions within a pixel [19]. The fully constrained least squares (FCLS) method is one of the most widely used linear unmixing approaches in urban areas [30]. In the FCLS model, the reflectance  of a pixel is assumed to consist of the linear combination of  endmembers and noises: 
	     




where  is the pixel’s reflectance with  spectral bands,  is the number of endmembers,  is the coefficient representing the abundance of th endmember in the pixel,  is the reflectance of pure th endmember, and  is the noise caused by the sensor and modeling errors. Two constraints are used in this model to derive endmember abundances, namely the abundance nonnegativity constraint (ANC) and abundance sum-to-one constraint (ASC). The ANC constraint requires that all derived endmember abundances are positive or zero values because it is impossible to have a negative presence of any endmember in the field of view of a pixel [33]. The ASC constraint requires the sum of the abundances from all endmembers to equal one [33].

2.2.3.2. Phenology-Based Potential Kudzu Masking
As a type of vegetation, kudzu has similar spectra with nearby trees and grasslands. Therefore, spectral information alone is not enough to accurately separate kudzu from surrounding vegetation. Figure 2-3 illustrates the averaged spectra of the reference areas extracted from the Sentinel-2 images. This figure suggests that kudzu, trees, and grasslands demonstrate identical shapes of the spectra curves and similar reflectance values. It is especially difficult to separate kudu and grasslands in visible (bands 2–4) and short-wave infrared (bands 11, 12) bands. Kudzu, trees, and grasslands are more spectrally separable at red edges to near-infrared bands (bands 6–8a). Therefore, it is difficult to separate kudzu from the surrounding vegetation using spectral information only.

Fortunately, kudzu has a different phenology from the native plants. Kudzu leaves start to sprout late in spring [15] and remain green until the first frost, making it more distinguishable from other vegetation in the fall and early winter [34]. This unique lagging growth is one of the crucial attributes used to distinguish kudzu from the surrounding vegetation [15,17,34]. For example, kudzu had not sprouted in the spring image in this study area, but the surrounding vegetation had already sprouted with leaves detectable in the image (Figure 2-4a). In the fall image, kudzu and the surrounding vegetation are all green and detectable (Figure 2-4b). 

We applied two phenology-based rules to improve the kudzu identification. The first assumption was that the abundance of kudzu increases from spring to fall because kudzu is more detectable in the fall image. This rule was implemented by calculating the difference between the initial kudzu abundances estimated by linear unmixing in early spring and late fall. We, therefore, compared the kudzu abundance maps of the spring and fall images that were derived from the first step to extract the potential kudzu pixels.

The second assumption was that the greenness of kudzu was higher in the late fall image than the early spring image, whereas the greenness of other vegetation was higher in early spring than late fall. We used the normalized difference vegetation index (NDVI) to measure the greenness of the vegetation [35]. NDVI is defined as:
	
	(4)


where  is reflectance in the near-infrared band and  is reflectance in the red band. We used band 8 and band 4 of the Sentinel-2 images for  and , respectively. High NDVI values correspond to more vegetation cover based on their dependency [36]. Figure 2-5 illustrates the NDVI variations of kudzu and the surrounding vegetation on the spring and fall images in the reference regions. The NDVI changes in kudzu reference regions were all positive. In contrast, the NDVI changes from the other three categories were negative, consistent with our assumptions. 

Based on the above two assumptions, we created a kudzu mask based on the differences in kudzu abundance and NDVI values. Specifically, the pixels where both NDVI and kudzu abundance increased from spring to fall were marked as kudzu pixels. This kudzu mask can be used to remove misclassified kudzu pixels and reduce the domain for further processes. 

2.2.3.3. Nonlinear Unmixing Refinement
Kudzu usually grows on top of the native trees, causing multilayer scattering and uneven contributions of kudzu and surrounding vegetation to a pixel’s reflectance. The linear unmixing model we used in the first step does not consider the indirect reflectance from the interaction among endmembers within a pixel, limiting the accuracy of the produced abundance map [29]. Unlike the linear unmixing models, nonlinear unmixing models are designed for complex reflectance surfaces with multi-scattering. They are especially effective for heterogenous landscapes consisting of small patches, which is a more precise description of the kudzu surfaces. However, the nonlinear unmixing models are usually computationally intensive [37]. We, therefore, only applied the nonlinear unmixing models on the pixels that were extracted using the previous steps to refine the kudzu abundance map at a low computation cost. 

Another issue is identifying which nonlinear model is suitable for kudzu mapping, because multiple nonlinear unmixing models exist but no study has been conducted to examine the performance of these models for kudzu mapping. We evaluated five nonlinear models, including the bilinear fan model (BFM), post-polynomial nonlinear model (PPNM), Hapke-based model (HM), generalized bilinear model (GBM), and multi-harmonic post-nonlinear mixing model (MHPNMM). These nonlinear models were developed for different reflectance scenarios and radiant transmission assumptions. BFM and GBM are bilinear models that assume a light ray would interact with two different endmembers before reaching the sensor, while GBM offers more degrees of freedom than BFM [38]. The physical assumption of BFM and GBM is that the probability of nonlinear interactions between endmembers is governed by their abundance. PPNM improves the unmixing process by including the self-interaction between endmembers [39]. HM is designed for intimate mixtures where lights interact multiple times with the closely contacted particles on the ground before reaching the sensor [40]. MHPNMM combines the characteristics of PPNM, GBM, and HM to simulate the high-order interactions between endmembers [41]. Detailed descriptions of these models can be found in [38–41]. We compared the performances of these nonlinear models and selected the most suitable model for the kudzu mapping.

2.2.3.4. Creating Kudzu Presence Maps
A kudzu presence map is created in each step via endmember abundance estimation and threshold reclassification. Endmember abundances are estimated via spectral unmixing analysis. We defined four land cover features as endmembers: kudzu, trees, grasslands, and others. We adopted the four-endmember strategy for spectral unmixing analysis due to their distinct spectral signatures compared to a binary strategy involving only kudzu and non-kudzu classes, making the abundance estimation more accurate. The four endmembers were also consistent with the four categories of reference data. Pixels within the reference polygons were assumed to be pure pixels. The spectral library used in spectral unmixing analysis contained the average reflectance of the pure pixels extracted from the reference regions in the fall image. This spectral library was used for both linear unmixing and nonlinear unmixing analyses. Abundance maps were produced for kudzu, trees, grasslands, and others in the spectral unmixing analysis. 

The threshold continuum reclassification was applied to the abundance maps to create the classification maps. This approach was designed to discretize abundance of invasive plants by characterizing the landscape based on the magnitude of invasion [1]. Specifically, all pixels with abundance values greater than or equal to the threshold value were aggregated as ‘presence’, whereas the pixels with abundance values lower than the threshold were aggregated as ‘absence’ for each endmember. In this way, the landscape was treated a gradually changing gradient, and isolated pixels and patches were eliminated [1]. We tested 10 thresholds from 0.1 to 1.0 in each step and used the optimal threshold to create the kudzu presence maps. 
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We regrouped the classification into two categories for accuracy assessment: kudzu and non-kudzu (includes trees, grasslands, and others), focusing mainly on the accuracy of the kudzu classification. A confusion matrix was generated to evaluate the classification accuracy of the kudzu presence maps by treating the pixels within the kudzu reference polygons as the ground truth. We also visually checked the kudzu presence maps against the reference kudzu areas to interpret the mapping quality. 

We derived four indices from the confusion matrix to quantify the classification accuracy: producer’s accuracy (PA) [42], user’s accuracy (UA) [42], Jaccard index (Jaccard) [43], and Cohen’s kappa index (Kappa) [44]. PA and UA are primary accuracy measures for individual classes [42,45]. We only derived the PA and UA values for kudzu. The PA values represent the number of correctly classified kudzu pixels in the reference polygons divided by total number of kudzu reference pixels, representing the probability that a ground kudzu pixel will be correctly classified [46]. The UA values represent the number of correctly classified kudzu pixels in the reference polygons divided by total number of pixels classified as kudzu, representing the probability that a pixel in the kudzu presence map represents kudzu on the ground [46]. PA and UA provide the omission and commission errors, respectively. The PA and UA at threshold  are derived using Equations (5) and (6), respectively:
                                                               (5)
                                                             (6)
where TP (true positive) is the number of pixels identified as kudzu within kudzu reference polygons, FN (false negative) is the number of pixels identified as non-kudzu (trees, grasslands, or others) within kudzu reference polygons, and FP (false positive) is the number of pixels identified as kudzu within non-kudzu reference polygons (trees, grasslands, and others).

The Jaccard index is another accuracy measure at the category level. Unlike PA and UA, the Jaccard index compares the true positive with both false negative and false positive predictions. The Jaccard index ranges from 0 to 1 and the maximum occurs when there are only true kudzu presence predictions and no errors [43]. The Jaccard is derived using the Equation (7) for each threshold i:
	                                                             (7)    
	


Cohen’s kappa index is a widely used accuracy measure for the entire classification process, showing the proportion of agreement after chance agreement is removed [44]. It is derived with consideration of both commission and omission errors for all categories [46]. The Kappa at threshold  is derived using Equations (8)–(10):
	                                                                (8)

	                                                              (9)

	                                         (10)


where TN (true negative) is the number of pixels identified as non-kudzu within non-kudzu reference polygons (trees, grasslands, and others). 

We used the Kappa to evaluate the classification performances on both kudzu and non-kudzu categories because it assesses the robustness of the classification in identifying the non-kudzu areas, reducing potential misclassifications caused by insufficient kudzu reference data. The Kappa values range from 0 to 1, where 1 indicates perfect agreement for all categories and 0 indicates random agreement [46,47]. We interpreted the Kappa index according to Cohen’s suggestion: 0–0.20 as none to slight agreement with the reference data; 0.21–0.40 as fair; 0.41–0.60 as moderate; 0.61–0.80 as substantial; 0.81–1.00 as almost perfect agreement [47]. 
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We evaluated the accuracy of kudzu classification maps based on abundance derived from the linear unmixing method (the first step). Table 2-2 lists the accuracy measures for kudzu classification based on the reclassification of different thresholds. All four indices indicate that the accuracy of the kudzu classification decreased with decreasing thresholds. This is because lower reclassification thresholds of kudzu abundance indicate that pixels with higher abundances of other endmembers are classified as kudzu presence, causing more misclassification. The PA and UA values decreased from 0.989 to 0.616 and from 0.511 to 0.152, respectively, for the thresholds from 1.0 to 0.1. Note that the PA value was much higher than the UA value for each threshold, indicating that although most kudzu in the reference areas were classified as kudzu, many surrounding vegetation areas were misclassified as kudzu. The Jaccard and Kappa index values also decreased from <0.6 to <0.2 with the decreasing thresholds. The Jaccard values imply that less than half of kudzu presence predictions were correct (true positive), regardless of the selection of threshold values. The Kappa values show that the classified kudzu and non-kudzu maps only had moderate to fair agreement with the reference data. Visual interpretation of the classification maps suggests that most misclassifications of kudzu were from grasslands.

In summary, the kudzu reference areas were well identified by the linear unmixing method, although many grassland areas were also misclassified as kudzu. The kudzu maps created using the linear unmixing method overestimated the kudzu presence in the study area.
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Table 2-3 lists the accuracy indices of the kudzu classification maps after applying the phenology-based kudzu mask. The PA, UA, and Jaccard values show similar decreasing trends with decreasing thresholds, although all values are higher than those in the first step, especially for the UA and Jaccard values. The PA values are still high, decreasing from 1 to 0.687 for thresholds ranging from 1.0 to 0.1. The UA values are improved by approximately 0.3 compared to the values in the first step, decreasing from 0.802 to 0.506 for thresholds ranging from 1.0 to 0.1. The Jaccard values are also elevated to 0.802–0.411 for thresholds ranging from 1.0 to 0.1, indicating that >50% of kudzu presence predictions were correct for thresholds of >0.3. The improvement of the UA and Jaccard values indicate that the use of the phenology-based mask can significantly reduce the kudzu misclassification in the first step. Visual interpretation also shows that most misclassified grasslands in the first step were excluded after the phenology-based masking. 

The Kappa index behaves differently in this step, first increasing then decreasing with decreasing thresholds. The highest Kappa value, 0.525, occurs at the threshold of 0.6. The high PA, UA, and Jaccard values for the kudzu class but low Kappa values for both classes at thresholds 0.7 suggest that the reclassified maps at thresholds 0.7 have high accuracy for kudzu presence but poor accuracy for the non-kudzu presence. This resulted from the bias of the high true positive (kudzu reference samples) values but low true negative (non-kudzu reference samples) values in the confusion matrix of high thresholds, because most pixels with high abundance of non-kudzu categories were excluded from the phenology-based masking. 
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As listed in Table 2-4, only 12% of the study area was used for the nonlinear unmixing analysis (134 km2 out of 1126 km2). The performances of the five nonlinear unmixing models, namely BFM, GBM, PPNM, HM, and MHPNMM, and the linear unmixing model used in the first step, FCLS, were assessed for kudzu classification using the UA and PA values (Figure 2-6). The PA and UA values for kudzu decreased with the decreasing thresholds for all nonlinear unmixing models except BFM. FCLS, GBM, and MHPNMM provided relatively higher PA values, with MHPNMM providing the highest UA values. We, therefore, selected MHPNMM to estimate the nonlinear abundance and to refine the kudzu presence maps. 

Table 2-5 lists the classification accuracy indices based on the nonlinear model, MHPNMM. Both PA and UA values are higher than 0.8 and the Jaccard values are higher than 0.7 at thresholds 0.4, suggesting that both commission and omission errors are <20% for kudzu classification, while correctly classified kudzu areas account for >70% of all predictions. The Kappa results show similar trends (first increasing then decreasing) to the results of the second step. The highest Kappa value, 0.725, occurs at the threshold of 0.6, indicating that the overall classification is in compliance with the reference data for both kudzu and non-kudzu samples. 


2.3.4. Kudzu Presence in Knox County
We selected an optimal threshold to create the kudzu presence maps. The highest PA, UA, and Jaccard values for kudzu classification occurred at a threshold of 1.0, although the corresponding Kappa value was low, indicating that the overall classification was not robust, especially for the non-kudzu vegetation. The highest Kappa values occurred at the threshold of 0.6 in step 2 and step 3, while the corresponding PA, UA, and Jaccard values were also high, indicating more robust classification for both kudzu and non-kudzu classes. We, therefore, used 0.6 as the optimal threshold to create the kudzu presence maps for all steps.

Figure 2-7 illustrates the statistics for the kudzu patches identified in the kudzu presence maps. The initial kudzu presence map from the first step produced the highest number of kudzu patches, covering the largest areas, with high standard deviation in some areas. In the second step, the phenology-based masking reduced the number of kudzu patches, the patch area, and the standard deviation of the area slightly, although the total kudzu area decreased by >50% from the first step. In the third step, the nonlinear unmixing models further reduced the kudzu patch area, standard deviation, and total kudzu area by about 50% from the second step, although the number of kudzu patches increased. These results confirmed that the linear unmixing model tends to overpredict kudzu presence, the phenology-based masking reduces the total area of kudzu patches, and the nonlinear unmixing model predicts more kudzu patches with a smaller area and less variation. 

The kudzu abundance maps estimated from linear and nonlinear unmixing are shown in Figure 2-8. Areas with high kudzu abundance are sporadically distribute across the entire county. The northwestern and southeastern parts in Knox County are heavily invaded by kudzu. The identified kudzu invasion areas continuously decreased from the first to the third step. The final refined kudzu presence map identified 1.05% of the vegetated areas in Knox County as kudzu, with PA, UA, Jaccard, and Kappa values of 0.907, 0.858, 0.789, and 0.725, respectively. The kudzu presence maps also suggest that kudzu usually invade forest edges, roads, and vegetation near houses and infrastructures (Figure 2-9).
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A comparison of the accuracy indices for kudzu classification indicated that the PA values were relatively constant, while the UA and Jaccard values significantly increased from the first to the third step of the classification (Figure 2-10). The initial linear unmixing model was capable of identify kudzu in the reference regions, although it overpredicted the kudzu presence by misclassifying the surrounding vegetation as kudzu. The phenology-based masking and nonlinear unmixing approach reduced the misclassification and increased the UA and Jaccard values from less than 0.5 in the first step to approximately 0.9 in the third step, producing more accurate kudzu maps. 

Here, kudzu was primarily misclassified as grassland. Figure 2-3 shows that the spectral curves for kudzu and grassland areas collected from Sentinel-2 images are very close to each other, which caused misclassification. Figure 2-11 and Figure 2-12 provide two examples. The field in Figure 2-11 is covered by several large patches of grassland that were misclassified as kudzu in the first step (Figure 2-11b,e). The phenology-based masking excluded most grasslands (Figure 2-11c,f). The nonlinear unmixing method further reduced the misclassification and only some edges of forests were identified as kudzu (Figure 2-11d,g). Figure 2-12 shows the residential regions with small grassland patches. The grassland stripes on the western parts were identified as kudzu in the first step, while the phenology-based masking also failed to exclude these areas (Figure 2-12b,c,e,f). These misclassified grasslands were excluded in the third step, and the remaining patches along the roads and houses were identified as true kudzu presence based on the validation of our reference data (Figure 2-12d,g).
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Spectral unmixing models are designed for specific reflectance scenarios and radiant transmission processes. Studies have found that unmixing models perform dramatically differently for various landscapes [12]. Therefore, an appropriate unmixing model for kudzu mapping and identification should demonstrate reasonable interpretation of the suitability of the modeling conditions and the invaded surfaces. 

Physical interpretation of the spectral unmixing models was investigated in this study for kudzu surfaces. Linear unmixing models are intuitive and only consider the contribution of direct endmember reflectance. The linear unmixing models are, therefore, more suitable for flat surfaces that consist of spatially separated pure materials [40]. The so-called checkerboard pattern can be compromised at a large spatial scale when the influence of the local topography is minor. We, therefore, applied the linear unmixing model across the entirety of Knox County in the first step, which estimated the initial kudzu abundance and presence with small computation expense. However, the interaction of lights between vegetation endmembers in the vertical structure was highly nonlinear [37]. The nonlinear unmixing approach provides more accurate descriptions for complex spectral and geometrical scenarios [48]. Bilinear models, including BFM, GBM, and PPNM, often describe the scenes acquired over forested areas where there are many interactions between the ground and canopy [49]. Hapke-based models are valued for accurate and realistic abundance estimation in distinguishing mineral materials at small spatial scales, focusing on closely packaged particles with different optical characteristics [50]. MHPNMM considers multilayer scattering and internal radiation interactions on rugged surfaces [41]. MHPNMM is more generalized and robust for various unmixing scenarios due to the combination of bilinear and Hapke-based models. The nonlinear unmixing model for kudzu classification should include both the indirect reflectance between the ground and vegetation and multiple scatters from the vertical structure of the tree canopy and kudzu leaves, since kudzu usually invades forests edges and grows on top of trees. MHPNMM represents the spectral mixing processes of kudzu surfaces properly, making it suitable for accommodating complex mixed scenes for refined kudzu classification. 
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Our proposed method could be further improved in terms of the spectral unmixing parameters and phenological characteristic collection. First, it can be improved by incorporating a spectral library collection. A precise spectral library of endmembers is the foundation for accurate spectral unmixing analysis and abundance estimation. We collected endmember spectra in Google Earth with the assumption that they contained “pure” pixels, which may not always be true in practice. A more precise spectral library could be obtained by collecting spectra in the field using spectrometers to capture more differences in the spectral signatures [51]. 

Second, an optimal combination of unmixing bands would reduce the redundant information and improve the accuracy and efficiency of spectral unmixing. We used all bands with original resolutions of 10 m and 20 m for Sentinel-2 images, including visible, red edge, NIR, and SWIR bands. Red and NIR bands are commonly regarded as the most important bands for spectral unmixing analyses in vegetated regions [52]. However, studies have found that the most important bands for Sentinel-2 images for vegetation abundance estimations are bands 4 (Red), 8 (NIR), and 12 (SWIR), while the special red edge bands (bands 5 to 7) have little influence in terms of improving the accuracy of vegetation abundance estimation due to their high correlation with other bands [53]. Kudzu mapping, therefore, can be improved by investigating the performances of different band combinations for spectral analysis and selecting the optimal combinations to diminish the noises caused by redundant bands and increase their computation efficiency. 

Third, the numbers and types of endmembers also affect the performance of spectral unmixing analysis. More specific endmember types would increase the accuracy of spectral unmixing-based classification [51]. Shade was also reported to play a significant role in identifying vegetation species in spectral unmixing analyses [31]. We only considered the general categories of the surrounding vegetation, including trees, grasslands, and others. Further studies could investigate the effects of specifying native plants species and involving shade as an endmember in spectral unmixing analyses. 

Finally, kudzu phenology was not fully incorporated in the current study. The characteristics of kudzu phenology can be improved by exploring kudzu greenness changes over a complete growth period and identifying the significant growth time for spectral unmixing analysis. 
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Spectral unmixing analysis is an effective approach to identify invasive plants, especially for multispectral remote sensing imagery with medium spatial resolutions. The integration of phenological characteristics significantly improves the classification accuracy and computational efficiency for the application of advanced nonlinear unmixing models. The use of an appropriate nonlinear unmixing model allows for more accurate abundance estimations and presence mapping. This paper introduces a three-step classification process that consists of linear unmixing, phenology-based masking, and nonlinear unmixing to identify the presence of kudzu in Knox County. The major findings of this study include:
1. The spectral unmixing approach is appropriate for kudzu mapping at the county scale using Sentinel-2 images and allows for continuous monitoring of large areas;
2. Linear unmixing provides high producer’s accuracy but low user’s accuracy due to the misclassification of grasslands as kudzu; 
3. A phenology-based mask can be created based on the differences of kudzu abundance estimated from linear spectral unmixing and NDVI derived from the Sentinel-2 images. The use of this phenology-based mask improves the kudzu classification accuracy and decreases the computing expense for nonlinear spectral unmixing;
4. The nonlinear unmixing analysis can refine the kudzu abundance estimation and presence classification, although an appropriate nonlinear model should be selected based on the performance assessment on the datasets and the physical interpretation of the spectral mixing scenarios;
5. The refined kudzu presence map for Knox County gives user’s accuracy, producer’s accuracy, Jaccard index, and Kappa index values of 0.858, 0.907, 0.789, and 0.725, respectively, based on an optimal abundance reclassification threshold of 0.6;
6. Kudzu plants are scattered in small patches along forest edges, roads, and vegetation tops near houses and infrastructure, especially in the northwestern and southeastern parts in Knox County.

The classification method introduced in this paper can be used to map kudzu in other areas. It can be applied to other invasive plants for long-term and large-scale monitoring using the free Sentinel-2 imagery.
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[bookmark: _Toc177671113]Table 2‑1 Sentinel-2 band settings.
	Band Number
	Central Wavelength (nm)
	Bandwidth (nm)
	Spatial Resolution (m)

	1—Coastal aerosol
	443
	20
	60

	2—Blue
	490
	65
	10

	3—Green
	560
	35
	10

	4—Red
	665
	30
	10

	5—Vegetation Red Edge
	705
	15
	20

	6—Vegetation Red Edge
	740
	15
	20

	7—Vegetation Red Edge
	783
	20
	20

	8—Near-Infrared
	842
	115
	10

	8b—Narrow Near-Infrared
	865
	20
	20

	9—Water Vapor
	945
	20
	60

	10—Cirrus
	1375
	30
	60

	11—Short-wave Infrared
	1610
	90
	20

	12—Short-wave Infrared
	2190
	180
	20







[bookmark: _Toc177671114]Table 2‑2 Kudzu classification performance based on linear unmixing of the entire area of Knox County.
	Thresholds
	1
	0.9
	0.8
	0.7
	0.6
	0.5
	0.4
	0.3
	0.2
	0.1

	PA
	
	0.961
	0.919
	0.879
	0.848
	0.808
	0.774
	0.734
	0.676
	0.616

	UA
	
	0.475
	0.432
	0.396
	0.367
	0.333
	0.289
	0.245
	0.195
	0.152

	Jaccard
	
	0.466
	0.416
	0.376
	0.344
	0.309
	0.266
	0.225
	0.179
	0.138

	Kappa
	0.560
	
	0.545
	0.503
	0.466
	0.421
	0.364
	0.305
	0.234
	0.170




[bookmark: _Toc177671115]Table 2‑3 Kudzu classification performance based on linear unmixing after the phenology-based masking.
	Thresholds
	1
	0.9
	0.8
	0.7
	0.6
	0.5
	0.4
	0.3
	0.2
	0.1

	PA
	
	0.989
	0.976
	0.951
	0.922
	0.884
	0.849
	0.809
	0.748
	0.687

	UA
	
	0.801
	0.785
	0.764
	0.738
	0.689
	0.632
	0.572
	0.530
	0.506

	Jaccard
	
	0.794
	0.771
	0.734
	0.695
	0.632
	0.568
	0.504
	0.450
	0.411

	Kappa
	0.000
	0.263
	0.409
	0.489
	
	0.478
	0.414
	0.352
	0.281
	0.236
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Table 2‑4 Computation areas for linear and nonlinear unmixing models.
	Procedure Step
	Computation Areas for Unmixing Models

	Step 1 Linear unmixing
	Knox County vegetated area, 1126.06 km2

	Step 3 Nonlinear unmixing
	Phenology-based masked kudzu area, 134.19 km2




[bookmark: _Toc177671117]Table 2‑5 Kudzu classification performance based on nonlinear unmixing after the phenology-based masking.
	Thresholds
	1
	0.9
	0.8
	0.7
	0.6
	0.5
	0.4
	0.3
	0.2
	0.1

	PA
	
	0.955
	0.944
	0.925
	0.907
	0.880
	0.842
	0.803
	0.756
	0.698

	UA
	
	0.872
	0.867
	0.864
	0.858
	0.852
	0.830
	0.790
	0.715
	0.615

	Jaccard
	
	0.837
	0.824
	0.807
	0.789
	0.763
	0.718
	0.662
	0.581
	0.486

	Kappa
	0.126
	0.454
	0.618
	0.698
	
	0.723
	0.690
	0.633
	0.548
	0.433
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[bookmark: _Toc160350193][bookmark: _Toc160350216][bookmark: _Toc177671274]Figure 2‑1 The location of the study area and a true color composite image of Knox County (Sentinel-2 image acquired on 6 September 2020).
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[bookmark: _Toc160350194][bookmark: _Toc160350217][bookmark: _Toc177671275]Figure 2‑2 The three steps of the spectral unmixing and phenology-based kudzu identification method.
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[bookmark: _Toc160350195][bookmark: _Toc160350218][bookmark: _Toc177671276]Figure 2‑3 Remote sensing reflectance of the reference regions extracted from the fall Sentinel-2 image.
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Figure 2‑4 Kudzu patches (marked by red lines) in Sentinel-2 images in spring (a) and fall (b).
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[bookmark: _Toc160350197][bookmark: _Toc160350220][bookmark: _Toc177671278]Figure 2‑5 Boxplots of NDVI changes from spring to fall in the reference regions.
     
The maximum, 25th percentile, 75th percentile, and the minimum values are represented by the top short line, top line of the box, bottom line of the box, and bottom short line, respectively. Median values are represented by the red line inside the box. Outliers are represented by crosses. 
The horizontal red line at 0 means no changes in NDVI values.
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[bookmark: _Toc160350198][bookmark: _Toc160350221][bookmark: _Toc177671279]Figure 2‑6 Kudzu classification performance at different thresholds for nonlinear unmixing models: (a) PA; (b) UA.

Figure 2‑7 Statistics of kudzu patches identified in each step.
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[bookmark: _Toc177671281][bookmark: _Toc160350200][bookmark: _Toc160350223]Figure 2‑8 Kudzu abundance maps in Knox County.
(a) initial kudzu abundance map from linear unmixing (step 1); (b) refined kudzu abundance map of the extracted areas from nonlinear unmixing (step 3). Specifically, areas with kudzu abundance ≤ 0.6 are displayed in g.
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[bookmark: _Toc177671282][bookmark: _Toc160350201][bookmark: _Toc160350224]Figure 2‑9 An example of kudzu invasion in Knox County. 
The background image is Sentinel-2 image acquired on 6 September 2020: (a) initial kudzu presence map from step 1; (b) potential kudzu presence map from step 2; (c) refined kudzu presence map from step 3.
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Figure 2‑10 Classification performances for different thresholds over the three steps.
(a) PA; (b) UA; (c) Jaccard.
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Figure 2‑11 Misclassification of large grassland patches over the three steps.
(a) true color composite image; (b–d) kudzu presence identified from steps 1 to 3, respectively; (e–g) kudzu abundance identified from steps 1 to 3, respectively.
[image: ]
Figure 2‑12 Misclassification of small grassland patches over the three steps.
(a) true color composite image; (b–d) kudzu presence identified from steps 1 to 3, respectively; (e–g) kudzu abundance identified from steps 1 to 3, respectively.
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Abstract: As an invasive plant species with wide ecological tolerance and fast infestation, kudzu has posed persistent challenges to ecosystems and the economy in the southeastern United States. However, current studies on kudzu mapping and invasive mechanisms are inadequate to unveil the characteristics of kudzu’s spatiotemporal dynamics. In this study, we investigate kudzu distribution and its influential factors based on continuous Sentinel-2 satellite images and a multi-temporal mapping strategy. The study was conducted in Knox County, Tennessee, a representative region highly impacted by kudzu in the southeastern United States. Our results revealed a steady increase in the kudzu invasion area from 2020 to 2022, with a phenology of the growth season from May to September (peak in August) and a rapid defoliation in the fall. We found precipitation is not a limiting factor for kudzu growth, while temperature has strong correlations with kudzu growth, exhibiting seasonal variations, in this humid subtropical region. Human activities play an important role in kudzu distribution with a sharp decrease in kudzu density away from road networks, residential clusters, and the edges of urban forests. These findings provide valuable insights into the complex nature of the kudzu invasion in Knox County, as well as other similar areas in the southeastern United States. The observed unique growth patterns of kudzu and its interactions with various environmental factors in this study are also of importance for future initiatives related to mapping the distribution and devising strategies for the prevention and control of kudzu invasion.

Keywords: Kudzu; invasive species; climate factors; phenology; remote sensing; spectral unmixing; multi-temporal analysis.


[bookmark: _Toc177671071]3.1 Introduction
Invasive plant species pose significant threats to both native ecosystems and human society with negative ecological and economic impacts, such as the eradication of native plants and the escalated expenses associated with agricultural management [1,2]. One of such invasive species is kudzu (Pueraria montana), a fast-growing Asian vine. Initially introduced as an ornamental vine and fodder crop, kudzu was later intentionally planted to prevent soil erosion in the southeastern United States [3]. As it climbs on top of the native plants, kudzu demonstrates a wide range of impacts on native plant communities by altering vegetation composition, emitting polluting chemicals, disrupting nutrient cycling, and modifying ecosystem-level processes, which subsequently challenges ecosystem management and conservation [4,5]. The proliferation of kudzu has also raised considerable concerns due to the massive economic loss [6]. Studies have estimated an annual cost of around $500 per hectare to effectively control kudzu on productive forest land, surpassing the profits of an average 25-year-old stand of pines on the same land [1,5,7]. Some power companies proposed an annual estimation of $1.5 million for restoring power supply in areas where kudzu had caused the toppling of power lines [1].
In the face of numerous disruptions to native vegetation and economic loss caused by kudzu invasion, especially in the southeastern United States, research dedicated to understanding kudzu is still notably insufficient. Some mapping and monitoring methods have been developed for kudzu invasion using Global Positioning System (GPS) in field surveys, published historical datasets, or remote sensing images [3,8-10]. Some studies have focused on understanding the underlying mechanism and influencing factors that enable kudzu’s invasion from botanical perspectives, such as kudzu growth characteristics, competitive adaptability, physiology properties, reproduction strategies, and genetic variation [7,11-14]. However, previous kudzu mapping has been limited to assessing kudzu invasion on one or two images, lacking the methods to trace kudzu invasion over time to investigate its pervasive nature. Moreover, studies from the ecological scopes have struggled to comprehensively address kudzu invasion with spatial continuity. Consequently, a gap exists in undertaking a thorough investigation of the kudzu invasion over time and its influential factors.   Integrating effective kudzu mapping with the exploration of the relationships between kudzu growth and its impacting factors is essential for monitoring and predicting kudzu invasion, understanding its ecological and economic impacts, and implementing robust management and conservation strategies [15].
Remote sensing offers new opportunities to examine the kudzu dynamics, since it enables continuous monitoring of vegetation distributions across extensive landscapes [16]. With its broad spatial and temporal coverages, multitemporal and spatially continuous maps of invasive plant occurrences can be derived from remote sensing data to reduce labor and time costs [17]. Overlapping these distribution maps with various spatial data helps identify the relationships between the expansion of these invasive species and environmental factors [18,19]. Remote sensing data have been applied in investigating the spatial occurrences of kudzu. For example, studies have employed hyperspectral remote sensing images to identify kudzu locations [20,21]. With the advent of high-resolution imagery, kudzu mapping has progressively evolved to encompass multiple machine-learning algorithms [22,23]. However,  few studies have been conducted in generating temporally continuous kudzu maps to investigate long-term kudzu invasion due to the high costs of high-resolution and hyperspectral imagery and computational expenses [16]. Multispectral remote sensing imagery, such as Sentinel-2 images, offers cost-effective and repetitive Earth observations with moderate spectral and spatial information, making it a valuable data source for multi-temporal remote sensing monitoring of invasive plants [24].  Continuous kudzu mapping, which involves generating spatially continuous kudzu maps at specific time intervals, is essential for understanding invasion dynamics, detecting early-stage infestations, identifying phenological patterns, and predicting future spread; all of which are crucial in supporting effective kudzu management and decision-making. Continuous invasion mapping further enables the exploration of relationships between kudzu invasion and its environmental factors. 
To understand the characteristics of kudzu growth, we generated monthly kudzu distribution maps based on multispectral Sentinel-2 imagery and examined their correlations with potential factors. The study was conducted in Knox County, Tennessee, where kudzu has presented a significant threat to native vegetation and the local economy since the 1990s [25]. The objectives of this study include: 1) using a multi-temporal mapping strategy based on spectral unmixing analysis to generate kudzu invasion maps with temporal and spatial continuity; 2) understanding kudzu pervasive natures by investigating kudzu phenology and invasion dynamics based on repeated observations; and 3) exploring the effects of potential factors on kudzu growth to understand the interactions between kudzu growth and human activities and environments. This research provided a comprehensive investigation of kudzu phenology and expansion, and relationships with potential influencing factors, shedding light on kudzu prediction, eradication, and control management in the southeastern United States. 

[bookmark: _Toc177671072]3.2 Study Area and Datasets
[bookmark: _Toc177671073]3.2.1 Study area
Knox County, situated in East Tennessee, United States, spans an area of approximately 1,361 km2 and houses a population of 470,313. As the third largest metropolitan area in Tennessee, Knox County exhibits a diverse landscape of urban, suburban, and rural settings [26]. The climate is characterized as humid subtropical with hot summers and mild winters [27]. The 12-month average temperatures fluctuate from 13.4°C to 16.8°C, and total precipitations range from 845 to 1,854 mm since the 20th century, with minor seasonal variations throughout the year (https://usafacts.org/issues/climate/state/tennessee/county/knox-county/). This region contains a variety of forest types, grasslands, and wetlands. The abundant vegetation cover and warm climate provide an amenable environment for kudzu invasion [1]. 
Kudzu was first introduced to East Tennessee for soil erosion prevention. The proliferation of kudzu poses substantial challenges to the native flora and fauna, disrupting the local ecological balance and biodiversity, and significantly affecting the local economy. The kudzu invasion has not been fully investigated and remains inadequately controlled in Knox County, although residents and the government have been fighting with kudzu for several years [28]. As one of the major areas plagued by kudzu invasion, Knox County has  garnered significant attention in research to understand its ecological impacts and invasive characteristics, including mapping kudzu invasion locations using GPS units, Google Earth, and remote sensing classification methods, and the biological control of kudzu invasion [23,29-31]. We therefore select Knox County, Tennessee, as the study area to represent a region that is highly impacted by kudzu in the southeastern United States (Figure 3-1).

[bookmark: _Toc177671074]3.2.2 Datasets
3.2.2.1 Remote sensing data and image pre-processing
The remote sensing data used in this study are Sentinel-2 multispectral imagery operated by the European Space Agency (ESA). Sentinel-2 satellites offer frequent observations with a revisit time of approximately 5 days at the equator, providing ample spectral information ranging from visible to shortwave infrared regions at varied spatial resolutions (10 to 60 meters). The extensive spectral coverage and improved spatial resolution enable precise discrimination and characterization of various land cover types. Sentinel-2 images are highly valuable in various remote sensing applications, such as vegetation monitoring, land use classification, and invasive plant mapping [31-33]. Sentinel-2 images serve as the fundamental data source in our study for generating temporally continuous kudzu abundance maps and investigating the relationships between kudzu growth and its influencing factors.

We used the Sentinel-2 level-2A products, which were orthorectified and atmospherically corrected surface reflectance data. Monthly composite images of the study area were generated by selecting the median value of each pixel from cloud-free images (cloud coverage < 10%) within each month and extracted by the county polygon. The 10 bands (Band2 to Band 8A, Band 11, and Band 12) were stacked into a multiband image with all bands resampled to a spatial resolution of 10 meters using the cubic convolution method. Vegetation extraction was performed on the composite image using the classification map provided in the Sentinel-2 level-2A products. Based on the above-described approach, we acquired monthly surface reflectance images of the study area spanning from 2020 to 2022. The Sentinel-2 level-2A products are accessible on Google Earth Engine, and all data processes were performed on the Google Earth Engine platform. 

3.2.2.2 Meteorological station data
Meteorological records were analyzed to investigate the influencing factors of kudzu invasion and understand its interplay with the environment. We integrated the Global Summary of the Month (GSOM) dataset (https://www.ncei.noaa.gov/metadata/geoportal/rest/metadata/item/gov.noaa.ncdc:C00946/html), provided by the National Centers for Environmental Information (NCEI) of National Oceanic and Atmospheric Administration (NOAA), into this study. The GSOM dataset consists of monthly records based on the summary of the daily observations obtained from the Global Historical Climatology Network Daily dataset (GHCN-D). The obtained data comprises monthly summary of 20 climate variables, such as temperature, precipitation, and soil properties, from 14 stations in Knox County during the years 2020 to 2022 (Table 3-1). Notably, the Knoxville Experimental Station provided records for all 20 variables. Four precipitation variables (annotated with an asterisk in Table 3-1) were consistently available in all stations.

3.2.2.3 Road centerlines 
We use the road centerline dataset from the National Address Database, provided by the Department of Finance & Administration of Tennessee (https://www.tn.gov/finance/sts-gis/gis/data.html) to investigate the effects of human activities on kudzu invasion. This road centerline dataset, in the form of an ESRI shapefile, comprises interconnected linear segments of the centerlines of the pavement or throughway. A total of 30,817 road centerlines were extracted within the study area. 


[bookmark: _Toc177671075]3.3 Methods
Figure 3-2 illustrates the workflow of this study. Monthly kudzu distribution maps were first derived from the multispectral Sentinel-2 imagery using a multi-temporal mapping strategy. Then we investigated the characteristics of kudzu growth and invasion, and the relationships between kudzu growth and various factors.

[bookmark: _Toc177671076]3.3.1 Multi-temporal kudzu mapping
The multi-temporal kudzu mapping was conducted based on the radiometric normalization and nonlinear unmixing analysis of multi-temporal surface reflectance images. Spectral unmixing analysis was successfully applied to kudzu mapping in our previous study [31], which employed a nonlinear spectral unmixing algorithm to estimate kudzu fraction images and a threshold classification to create kudzu presence maps. The accuracy of this method was validated using the ground truth samples collected in Knox County [31]. We extended this kudzu mapping to match the multi-temporal scenario and create continuous kudzu distribution maps. The advantage of the spectral unmixing algorithm is that it could achieve high accuracy in extracting kudzu pixels by distinguishing the inherent mixture of spectral reflectance of kudzu and its surrounding vegetative covers [34]. Kudzu typically grows on top of existing vegetation, which leads to multilayer scattering and intricate reflectance contribution from both kudzu and the surrounding land covers. In this case, the linear spectral unmixing method is insufficient to explain the complexities, making nonlinear unmixing algorithms more suitable for estimating kudzu fractions [31]. Moreover, spectral unmixing provides a quantitative assessment of kudzu presence within individual pixels, enabling numerical evaluation of its association with other variables [35].

Typically, multi-temporal unmixing analysis either incorporates all bands from multi-temporal imagery into the unmixing process or conducts Multiple Endmember Spectral Mixture Analysis (MESMA) on each image [36-38]. The former approach does not generate abundance maps for each time, while the latter is restricted to linear unmixing algorithms. Consequently, neither the approach of combining all bands nor MESMA aligns with the objectives of our study. However, for the successful application of nonlinear unmixing algorithms on multi-temporal images, it is imperative to ensure the consistency of reflectance across all images and the endmember spectra because the multi-temporal spectral responses recorded in these images are subject to various environmental factors. Although Sentinel-2 1evel-2 products include an atmospheric correction to address spectral variations caused by atmospheric conditions, the correction may not fully account for the variations among monthly reflectance images. This limitation becomes particularly significant where spectral variations between landscapes are too weak to eliminate the effects of the complex sensor-Sun-target system [39]. In our study, distinguishing kudzu from the surrounding vegetation is challenging due to the minor difference in their spectra, which are highly sensitive to spectral noise. Normalizing images acquired at different times plays a crucial role in eliminating spectral noise, enhancing the accuracy of spectral unmixing in subsequent analysis. Therefore, our multi-temporal kudzu mapping strategy involves an initial step of radiometric normalization for each monthly surface reflectance image, followed by the nonlinear unmixing analysis on the normalized images. This strategy was used to address the spectral complexities introduced by kudzu invasion and to generate consistent and comparable kudzu distribution maps over a continuous period.

3.3.1.1 Radiometric normalization of monthly surface reflectance images
Radiometric normalization can be broadly categorized into two types: absolute, which transforms digital numbers into actual surface reflectance values, and relative, which adjusts the spectral characteristics of all images to match a reference image [40,41]. In this study, we conducted the relative image normalization. A commonly used image normalization method is linear regression with the appropriate selection of pseudo-invariant features (PIFs). PIFs are pixels located where land cover remained unchanged, and their spectra exhibited minimal temporal variation during the study period [40]. Selection rules for PIFs typically involve minimal elevation changes to ensure consistent atmospheric conditions, flat surfaces to mitigate the effects of varying sun angles, and preferably man-made targets with minor vegetation to minimize variations caused by phenology [40].
We manually selected the rooftop pixels (4237 pixels) as PIFs based on the Tennessee LiDAR-derived building footprint map by TNGIC (Tennessee Geographic Information Council). The surface reflectance image of September 2021 was selected as the reference image to normalize all monthly surface reflectance images due to its superior image quality and minimal land cover variations. Linear regressions were conducted between the selected PIF pixels on the reference image and their corresponding pixels on other images to obtain the normalization parameters. Individual regression was conducted for each band of each monthly surface reflectance image. A filter was applied to remove pixels with regression residuals of greater than two standard errors to mitigate regression errors resulting from land cover changes and cloud shadows. The filtering process was applied individually to each image and parameters acquired from the regressions of filtered pixels were then used for the linear transformation of the whole image. The adjusted R2 values of the regressions on all images are higher than 0.8. Image normalization was conducted on MATLAB. 

3.3.1.2 Kudzu mapping and accuracy assessment
The normalized monthly surface reflectance images were used to create kudzu fraction images and kudzu presence maps from the spectral unmixing analysis. We defined four endmembers: kudzu, trees, grasslands, and sparse vegetation, considering the distinctiveness of their spectral signatures. The endmember spectra were obtained from the reference image of September 2021 by calculating the mean reflectance of representative locations that were manually identified based on the reference data published in previous studies [23,3]. The nonlinear unmixing model utilized the endmember spectra and normalized monthly images to estimate the kudzu fraction within each pixel. A threshold classification was then applied to convert continuous kudzu fraction images into binary kudzu presence maps using the optimal threshold of 0.6 [31]. Specifically, pixels with kudzu abundance of  0.6 were designated as kudzu presence, while other pixels were classified as no kudzu presence. Further details on kudzu mapping and the nonlinear unmixing model can be found in [31] and [32].
We manually delineated 231 polygons (1652 pixels) of kudzu invasion based on field surveys as the ground truth for evaluating the accuracy of kudzu presence maps. These polygons are independent of the locations used for extracting endmember spectra. Accuracy was assessed by the percentage of correctly identified kudzu pixels within the reference polygons, as depicted in Equation (1): 
                                   (1)
This accuracy assessment was conducted for each monthly kudzu map based on the same set of reference pixels.

3.3.1.3 Kudzu invasion density
The endmember abundance estimated by the spectral unmixing analysis is a mathematical representation of the proportion of endmembers within each pixel. We computed the density of the distribution of kudzu and other endmembers based on the estimated abundance using Equation (2): 
                                                               (2)
where  is the density of the th endmember,  is the pixel number in the region,  is the abundance of the th endmember in the th pixel,  is the area of a pixel, which is 100 m2 in this study, and  is the area. If it is not specified, the density is calculated based on the area of the vegetated regions in the study area. The density metric for kudzu abundance represents the proportion of the area invaded by kudzu within the specified region. It serves as a quantitative measure to assess kudzu invasion and to explore its relationships with environmental factors.


[bookmark: _Toc177671077]3.3.2 Climate and anthropogenic factors
We first assessed the relationships between kudzu invasion and meteorological station records using Spearman correlation coefficients, a robust alternative to Pearson correlation coefficients when variables do not exhibit bivariate normality and linear relationships [43,44]. Spearman correlation quantifies the strength of a monotonic association between two variables by transforming observations into ranks, making no assumptions about the frequency distribution of the variables [45]. In our case, kudzu density within a pixel displays a skewed distribution with a preponderance of small values because the area invaded by kudzu is relatively minor compared to the entire study area. Moreover, the relationships between kudzu density and climate records do not follow the linear functions based on our observation. 
We calculated kudzu invasion density within specific distances from each station to calculate correlation coefficients with climate variables. Figure 3-3 illustrates the variation in Spearman correlation coefficients between climate variables and kudzu density at varying distances. Note that the correlation coefficients remain relatively stable when the distance extends to 1 kilometer and beyond. Therefore, the impact of climate on kudzu invasion was evaluated by calculating Spearman's rank correlation coefficients between climate variables and kudzu invasion density within a 1-kilometer radius of the meteorological station.
To investigate the effects of human activities on kudzu invasion, a road distance raster with a spatial resolution of 10 meters was generated using the road centerline data. The Euclidean Distance tool in ArcGIS Pro was used to generate this raster, then the kudzu density at varying distances from roads was computed.

[bookmark: _Toc177671078]3.4 Results
[bookmark: _Toc177671079]3.4.1 Accuracy of monthly kudzu presence maps
Figure 3-4 shows a comparison of the accuracy of monthly kudzu presence maps. Notably, each year exhibited a recurring pattern, with the highest accuracy consistently observed in July, corresponding to the period of vigorous kudzu growth. This can be attributed to the well-defined spectral signatures of thriving kudzu during this time. Mapping accuracy progressively increased from May to July, mirroring the growth trajectory of kudzu, and subsequently decreased from August to October, in line with kudzu defoliation. The accuracy scores for August were influenced by suboptimal image quality, primarily due to extensive cloud cover. In contrast, the accuracy scores from November to April were consistently zero. This result stems from the reference kudzu areas being selected during the growth season, while kudzu was not green during the winter and early spring months. The mapping accuracy scores in 2022 were relatively higher than the other two years, which can be attributed to good image quality with lower cloud cover during the summer of 2022.

[bookmark: _Toc177671080]3.4.2 Phenology of invasive kudzu
Figure 3-5 illustrates the monthly variation in kudzu density in the study area. The relative proportion of each month is compared with the sum of all months in a year, with a larger proportion indicating higher kudzu density for the corresponding month. This figure illustrates the phenology of the kudzu, marked by a distinct growth season from May to September. The observed trends suggest that kudzu growth initiates in May and culminates in August, followed by a significant drop in foliage by October. This reveals an important aspect of kudzu's phenology—it takes three months for kudzu to grow to its peak from May to July, but it rapidly declines after the peak in August, suggesting that kudzu undergoes gradual growth, from late spring to summer, but experiences rapid defoliation as the autumn months approach.

[bookmark: _Toc177671081]3.4.3 Kudzu invasion in Knox County in 2020-2022
[bookmark: OLE_LINK1]Figure 3-6 illustrates the variations of kudzu invasion areas extracted from kudzu presence maps from 2020 to 2022. The invasion areas displayed a similar pattern as the phenology described in Section 3.4.2, with a growth peak in August and a leafless stage from October to April. Additionally, the kudzu area exhibited a consistent increase from 2020 to 2022, with a notable surge at the beginning of the growth season in May 2022, indicating a continuous expansion of kudzu over the three years.
We selected the kudzu presence maps in July to evaluate the inter-annual differences in kudzu invasion because this month coincides with the kudzu growth season and the kudzu map of this month provides the highest accuracy. Kudzu areas expended approximately 37% in 2021 compared to 2020, equivalent to 0.87% of the study area (Table 3-2). The kudzu expansion slowed to about 15% from 2021 to 2022, accounting for <0.5% of the study area (Table 3-2). 
Figure 3-7a illustrates a kudzu expansion map highlighting areas where kudzu expanded from 2020 to 2022: significant patches of kudzu expansion are prominent in the northern and southeastern parts of the study area.
Figures 3-7 (b-d) show three enlarged areas to illustrate kudzu invasion within the study area from 2020 to 2022. These enlarged areas provide a detailed view of kudzu expansion along roads, rivers, and near residential structures. High-density invasion areas are indicated by red circles on the maps. Figure 3-7(b) illustrates smaller kudzu patches distributed along highways, while larger kudzu patches are noticeable in forestry areas in 2022. Figure 3-7(c) shows that kudzu has extensively invaded vegetated areas along the highway and within a forested park situated amidst clusters of buildings. Large kudzu patches have expanded towards the riverside in 2022. Figure 3-7(d) showcases a concentration of invasive kudzu in large patches within forestry areas adjacent to roads and residential structures.
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3.4.4.1 Relationships between kudzu growth and climate variables
Figure 3-8 compares the Spearman correlation coefficients between climate variables and kudzu density within a 1-kilometer radius of the Knoxville Experimental Station (S14). Most climate variables exhibit significant correlations with kudzu density at a significance level of 0.01. These variables include the cooling degree days (CLDD), the number of days with maximum temperature lower than 21.1°C (DX70), the extreme minimum and maximum temperature for month (EMNT and EMXT), the highest minimum and maximum soil temperature for the month (HN01 and HX01), the lowest minimum and maximum soil temperature for the month (LN01 and LX01), the heating degree days (HTDD), the monthly mean of daily minimum and maximum soil temperature (MN01 and MX01), the average monthly temperature (TAVG), the monthly maximum and minimum temperature (TMAX and TMIN), and the total monthly wind movement (WDMV). 
These significant correlations highlight close relationships between kudzu growth and monthly air temperature and soil temperature, both exhibiting distinct seasonal variations within the study area. In contrast, no significant correlations were observed between kudzu growth and precipitation-related variables, including the number of days with rainfalls more than 0.01 and 0.1 inches in the month (DP01 and DP10), the highest daily total of precipitation in the month (EMXP), and the total monthly precipitation (PRCP). 
The results listed in Table 3-3 also suggest weak correlations between precipitation variables and kudzu density within a 1-kilometer radius of all other meteorological stations, as indicated by consistently low Spearman correlation coefficients. The weak correlations are likely due to the subtle fluctuations in precipitation throughout the year in the study area.

3.4.4.2 Effects of distance to roads on kudzu growth
In addition to climate variables, we explored the potential impact of human activities on kudzu growth by examining the relationship between kudzu density and the distances from roads. Figure 3-9 illustrates the changes in kudzu density with distances from road centerlines in the study area. As the distance from roads increased, kudzu density decreased consistently from 2020 to 2022. The highest density areas are within 100 to 200 meters from road centerlines, where approximately 15% to 25% of vegetated areas display kudzu invasion. Subsequently, kudzu density steadily declines away from the roads where almost no kudzu is observed at distances exceeding 2kmfrom road centerlines. 
Kudzu density is relatively lower within the first 100 meters from the road. This is because the distances were calculated from the road centerlines, without the consideration of road width. Moreover, manual eradication of invasive kudzu might be conducted to maintain the road network. Note that the areas within 100 to 300 meters from the road centerlines, where kudzu invaded more than 10% of vegetated areas from 2020 to 2022, typically include vegetation along highways or the peripheries of expansive vegetated areas within urban parks. As described in Section 3.4.3, these regions often featured extensive patches of kudzu. As the distances from road centerlines increased, the spread of kudzu diminished, particularly towards the core areas of vast vegetated regions.

3.4.4.3 Correlations between kudzu growth and surrounding plants 
Figure 3-10 illustrates the phenological distinctions among the surrounding vegetation types (sparse vegetation, grass, and trees) and kudzu, based on their monthly densities. To facilitate the comparison, we used the same color scheme as used in Figure 3-5 to represent the phenological difference between kudzu and the surrounding vegetation covers: yellow for months before the growth season of kudzu (January-April), green during the kudzu growth season (May-September), and red after the kudzu growth season (October-December). The peak of kudzu growth in August is depicted in the darkest green color. A larger proportion in the pie charts indicates a higher density of the vegetation type for the corresponding month.
Sparse vegetation dominates the vegetated area from November to April with densities higher than 80%, corresponding to the period when most plants undergo defoliation. This is because in sparsely vegetated areas, vegetation cover is not dense, and trees or shrubs grow isolated, resembling the appearance of densely vegetated areas in winter when leaves fall. Grass begins its growth in April and continues until October, with no distinct growth peak during the growing season. The growth season of trees spans from May to October, with a peak in July to August, while kudzu exhibits its peak in August. Compared with kudzu phenology (Figure 3-5), grass growth is more consistent and lasts longer from spring to fall, while trees share a similar growth season with kudzu, but the growth peak of trees occurs about one month earlier. Such observed phenological disparities among various vegetation types provide valuable references for accurate extraction of kudzu distribution.
To further explore the correlation between kudzu and surrounding plants, we compared the correlation coefficients of monthly density between kudzu and other vegetation covers in Figure 3-11. Kudzu density exhibits a close negative correlation with sparse vegetation density during winter and early spring. From May to September, kudzu density shows negative correlations with all other vegetation, with the strongest one with trees. These negative correlations between kudzu and the other vegetation types stem from the fact that as kudzu proliferates, it occupies more space and leaves less room for other vegetation. These findings highlight that during the growth season, kudzu growth is intimately linked to the growth of surrounding trees, particularly in June, July, and September, before and after the kudzu peak in August. 

[bookmark: _Toc177671083]3.5 Discussion
[bookmark: _Toc177671084]3.5.1 Kudu growth and climate conditions
As a highly widespread invasive species, kudzu is remarkably adaptable to various habitats and environmental conditions. Studies have compared the climate conditions necessary for kudzu survival in its native habitats in East Asia and its invasive habitats in the southeastern United States [3]. These studies revealed noteworthy disparities between the climate conditions in its native and invasive habitats, underlining kudzu's broad ecological tolerance. In the southeastern United States where kudzu has prolifically expanded, the climate appears conducive to its growth, aligning with its preference for a warm climate with moderate humidity [46]. The climate in our study area (Knox County) is characterized by a humid subtropical climate, which closely matches the ideal conditions for kudzu growth. We did not observe significant correlations between kudzu growth and precipitation, suggesting that precipitation does not serve as a limiting factor for kudzu. Moreover, kudzu is well-documented as a drought-tolerant plant with deep roots that serve as efficient water reservoirs, making it particularly resilient to precipitation fluctuations [1,12]. In addition, precipitation in our study area undergoes minor seasonal fluctuations throughout the year, which is not associated with kudzu phenology. Conversely, our results show a strong correlation between kudzu growth and monthly temperature, shedding light on the kudzu growth pattern (phenology) in response to seasonal temperature variation. 
We also observed an increase in mapping accuracy in 2022 and a rising trend in kudzu invasion from 2020-2022 in the study area. To better understand this trend, we examined the climate records from the Knoxville Experimental Station (S14). As depicted in Figure 3-12, all temperature-related variables gradually increase from 2020 to 2022, including the average monthly temperature (TAVG), the highest soil temperature (HX01), and the extreme maximum and minimum temperatures (EMXT and EMNT). Conversely, precipitation showed a slight decrease during this period as suggested by the total monthly precipitation (PRCP) and the number of days with precipitation no less than 0.254mm in the month (DP01). These trends indicate that excessive precipitation may restrain kudzu growth, while warmer climates facilitate kudzu expansion in our study area. These findings highlight the importance for increased awareness regarding to potential kudzu invasion in areas characterized by warm climates with limited precipitation, such as the southwestern United States. The potential of a kudzu explosion may also be predictable when weather forecasts indicate increased temperature and decreased precipitation, especially during the growth season.

[bookmark: _Toc177671085]3.5.2 Kudzu phenology and mapping improvements
Our results suggest that kudzu growth is associated with the trees compared to other vegetation types. The dominant tree types in the study area include oak, chestnut, and hickory [47]. These deciduous trees create favorable conditions for kudzu invasion. Notably, we also observed differences in phenology between kudzu and its surrounding grass and trees, providing valuable information for kudzu mapping, especially during the non-growth season. Current research on kudzu mapping primarily focuses on identifying kudzu distribution during the growth season [22,23]. Our research is also limited in detecting kudzu presence in the leafless months, resulting in low mapping accuracy from November to April (Figure 3-4). However, mapping kudzu distribution after defoliation is still needed. As shown in Figure 3-13, kudzu growth does not start when the surrounding trees and grass start to green. Improving kudzu mapping involves creating a kudzu mask based on distinct phenological characteristics and utilizing high-resolution images to identify the textures of kudzu in both growth and non-growth seasons. Furthermore, with the rapid advancement of remote sensing technology, embedding deep learning classification and utilizing multisensory and multiscale remote sensing data can further enhance the accuracy and efficiency of kudzu mapping in the future [48-50].

[bookmark: _Toc177671086]3.5.3 Implications for kudzu management and control
In this paper, we conducted a comprehensive investigation of kudzu phenology and the relationships between kudzu invasion and influential factors, providing critical insights for kudzu management and control. Eradicating kudzu poses significant challenges due to its extensive root system with rich starch reserves, making kudzu resilient to the control strategies [7]. Common approaches for kudzu eradication include mowing, burning, chemical control using herbicides, and biological controls employing insects, goats, fungi, and bacteria [1,7]. The ecological impacts of the kudzu bugs, a biological control method introduced for kudzu management, are also extensively studied in East Tennessee [29,30,51]. 

The kudzu phenology identified in our research provides important guidance for the optimal timing of chemical and biological control measures, which are the most effective during the growth season before defoliation to prevent starch storage and recovery [7]. Special attention to eradicating kudzu should be directed towards the areas with the highest invasion density, typically within 100 to 200 meters of road centerlines. The correlation between kudzu invasion and climate conditions also facilitates the prediction of increased kudzu invasion with higher temperature or lower precipitation forecasts in the coming years.  Furthermore, we also identified a close relationship between kudzu invasion and human activities. Numerous studies have underscored that the rampant spread of kudzu in the United States is predominantly a consequence of human-assisted expansion [3,46]. Kudzu cultivation was widely promoted in the southeastern United States to prevent soil erosion and as livestock fodder, which ultimately led to an uncontrollable expansion that covers an area of over 30 billion square meters [12]. Our findings indicate that the kudzu distribution remains intricately linked to human activities, as it continues to encroach upon areas near roads and buildings. Therefore, it is crucial to minimize the human dispersal of kudzu, particularly to the uninvaded areas.

Invasive plant management is significantly challenging due to its pervasive characteristics, including broad ecological tolerance, rapid growth rate, strong resilience, and limited constraints [52]. A study conducted in Switzerland suggested that controlling of invasive plant should be implemented early with spatial prioritization, especially under a limited budget [53]. Another study, encompassing 21 invasive and 179 native plant species, highlighted the importance of life history and population growth rate in selecting control strategies [54]. Additional factors, like genetic variability, also facilitate the introduction of kudzu and other exotic plants with a notable genetic diversity accounting for multiple dispersal sources and extensive cultivation.[3]. Furthermore, effective management of invasive plants requires knowledgeable policymakers, consideration of social complexity, and a comprehensive understanding of the relationships between science and policy [55-57]. 

Therefore, Future studies are recommended to extend the temporal, spatial, and social scopes to gain a deeper understanding of the intricate relationships between the environment, society, and kudzu growth for effective kudzu management. Investigating the connections between kudzu growth and various tree types, along with other potential influencing factors, is also of importance to guide kudzu control and eradication strategies.

[bookmark: _Toc177671087]3.6 Conclusions
This study investigated the kudzu invasive patterns and its influencing factors in Knox County, Tennessee, a representative region for kudzu invasion in the southeastern United States. Kudzu distribution was mapped using a multi-temporal strategy based on the Sentinel-2 imagery. Our results indicate that kudzu has a distinct phenology characterized by a gradual expansion from late spring to summer, followed by a rapid defoliation in the fall. The highest mapping accuracy occurs in July close to its growth peak. Moreover, we documented a consistent upward trajectory in kudzu invasion from 2020 to 2022. Kudzu growth is not restricted by precipitation: kudzu thrives despite subtle inter- and intra-annual precipitation fluctuations. In contrast, monthly temperature plays a more pivotal role in kudzu phenology with clear seasonal variations. Our study also highlights the strong connection between kudzu invasion and human activities: kudzu density decreases with the increasing distance from road centerlines. The most heavily invaded areas were typically found along highways, riversides, or the peripheries of vegetated areas within urban parks. Finally, kudzu demonstrates a distinct phenology compared to surrounding vegetation, with a delayed growth peak. This unique feature is of importance in distinguishing kudzu and enhancing mapping accuracy. 
In summary, our study contributes to a comprehensive understanding of the pattern and influencing factors of kudzu invasion in the southeastern United States. The distinct growth patterns of kudzu observed in this study, along with its ongoing expansion and interactions with various environmental factors, provide important insights for future efforts in locating kudzu distribution, predicting invasion trajectories, and implementing effective prevention and control measures.
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Appendices
[bookmark: _Toc177671118]Table 3‑1 Climate variables.
	Variables
	Definitions

	CLDD
	Cooling Degree Days

	DP01*
	Number of days with >= 0.01 inch/0.254 millimeter in the month

	DP10*
	Number of days with >= 0.1 inch/2.54 millimeter in the month

	DX70
	Number of days with maximum temperature <= 70 degrees Fahrenheit/21.1 degrees Celsius.

	EMNT
	Extreme minimum temperature for month.

	EMXP*
	Highest daily total of precipitation in the month.

	EMXT
	Extreme maximum temperature for month.

	HDSD
	Heating Degree Days (season-to-date).

	HN01
	Highest minimum soil temperature for the month.

	HTDD
	Heating Degree Days

	HX01
	Highest maximum soil temperature for the month.

	LN01
	Lowest minimum soil temperature for the month.

	LX01
	Lowest maximum soil temperature for the month.

	MN01
	Monthly Mean of daily minimum soil temperature

	MX01
	Monthly Mean of daily maximum soil temperature.

	PRCP*
	Total Monthly Precipitation.

	TAVG
	Average Monthly Temperature

	TMAX
	Monthly Maximum Temperature.

	TMIN
	Monthly Minimum Temperature.

	WDMV
	Total Monthly Wind Movement over evaporation pan.


*: Variables available in all the stations. 






[bookmark: _Toc177671119]Table 3‑2 Kudzu expansion from 2020 to 2022 in Knox County.
	
	Increase of invasion area (m2)
	Percentage of increased area of last year
	Percentage of increased area of the study area

	2020-2021
	118,931
	37.37%
	0.87%

	2021-2022
	64,591
	14.77%
	0.47%




[bookmark: _Toc177671120]Table 3‑3. Spearman correlation coefficients between kudzu density and precipitation variables.
	
	Total records
	S3
	S4
	S8
	S12
	S14

	DP01
	0.138*
	0.173
	0.185
	0.207
	0.043
	0.193

	DP10
	0.257**
	0.207
	0.247
	0.277
	0.319
	0.174

	EMXP
	0.212*
	0.211
	0.103
	0.411*
	0.142
	0.240

	PRCP
	0.22**
	0.147
	0.149
	0.355
	0.212
	0.193

	*: The significance level is less than 0.05. 
**: The significance level is less than 0.01. 
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[bookmark: _Toc160350202][bookmark: _Toc160350225][bookmark: _Toc177671283]Figure 3‑1 Location (left) and elevation (right) of the study area, Knox County, Tennessee.
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[bookmark: _Toc160350203][bookmark: _Toc160350226][bookmark: _Toc177671284]Figure 3‑2 Workflow of the proposed study.
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[bookmark: _Toc177671285][bookmark: _Toc160350204][bookmark: _Toc160350227]Figure 3‑3 Variation of Spearman correlation coefficients between climate variables and kudzu density within different distances. 
Take the station S14 as an example.

[bookmark: _Toc160350205][bookmark: _Toc160350228]
[image: ]
[bookmark: _Toc177671286]Figure 3‑4 Comparison of monthly kudzu mapping accuracy scores from 2020 to 2022.
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[bookmark: _Toc177671287]Figure 3‑5 Variations of monthly kudzu density of the study area.
The relative proportion of each month is compared with the sum of all 12 months.
[image: ]
[bookmark: _Toc177671288]Figure 3‑6 Kudzu invasion areas in 2020-2022.
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[bookmark: _Toc177671289]Figure 3‑7 The expansion maps of invasive kudzu from 2020 to 2022.
(a) Distribution of areas where kudzu expanded from 2020 to 2022 (marked in red). The two red circles highlighted the area where more kudzu patches extended. (b-d) were examples of kudzu invasion in the study area. Locations of the three examples were marked as blue stars on (a). (i), (ii), and (iii) are kudzu presence maps in 2020, 2021, and 2022, respectively. 
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**: The significance level is less than 0.01. 
[bookmark: _Toc177671290]Figure 3‑8 Spearman correlation coefficients between kudzu density and climate factors (S14).
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[bookmark: _Toc177671291]Figure 3‑9 Variations of kudzu density (percentages of kudzu invasion of the vegetated area) in different distances to road centerlines.
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[bookmark: _Toc177671292]Figure 3‑10 Variations of monthly density of (a) sparse vegetation, (b) grass, and (c) trees.
The relative proportion of each month is compared with the sum of all 12 months of each vegetation type. 
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[bookmark: _Toc177671293]Figure 3‑11 Correlation coefficients between the density of kudzu and sparse vegetation, grass, and trees.
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[bookmark: _Toc177671294]Figure 3‑12 Changes in climate conditions at the Knoxville Experimental Station (S14) from 2020 to 2022.
The vertical red lines separate different years and the blue dashed lines are linear trendlines. 
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[bookmark: _Toc177671295]Figure 3‑13 Kudzu and the surrounding vegetation in April 2021 from the high-resolution image in Google Earth.
The vegetation covers were confirmed through field surveys: a) kudzu, b) trees, and c) grasslands.
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Abstract
The advancement of artificial intelligence (AI) provides an efficient approach in extracting features from the complex landscapes on remote sensing images. The Segment Anything Model (SAM), one of the popular pretrained AI models, allows for segmenting specific targets less complicated without heavy human interventions and coding efforts. This research applied three SAM segmentation modes, automatic segmentation, point prompts segmentation, and box prompts segmentation, in mapping the distribution of kudzu, one of the most troublesome invasive plants in southeastern United States, on high-resolution imagery in both urban and rural regions.
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Invasive plant species have emerged as one of the most critical threats to natural habitats and ecosystems worldwide [5]. Due to their rapid spread and adaptability to diverse conditions, invasive plants alter land cover and negatively affect biodiversity, ecosystem processes, agricultural productivity, and infrastructure maintenance [6]. Kudzu (Pueraria montana (Lour.) Merr.), one of the most aggressive invasive vines in the United States, has spread across more than 3 million hectares of the eastern U.S. [7]. The rapid expansion of kudzu leads to the destruction of large amounts of native vegetation, disruption of nutrient cycles, degradation of local air quality, and an estimated $500 million in annual losses in forest productivity [7]. Accurate and accessible mapping of kudzu is essential for effective decision-making to mitigate these adverse impacts and preserve local habitats. 

Remote sensing provides continuous observations across large areas, making it a promising data sources for mapping invasive plant species. With the remarkable advancements in computer science, emerging artificial intelligence (AI) technologies enable the rapid processing of vast data sets for specific tasks with minimal prior knowledge, enhancing both efficiency and productivity. Advanced algorithms developed in computer vision play a crucial role in remote sensing classification, helping to analyze complex landscape patterns in large volumes of data [2]. Deep learning, a subset of AI, has been successfully applied to invasive plant monitoring and has demonstrated state-of-the-art performance in image classification and segmentation [1]. Various deep learning algorithms have been employed to examine the spread of invasive plants using hyperspectral, high-resolution, and unmanned aerial systems (UAS) imagery [6,8,9]. Algorithms such as Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, however, require large amounts of training data to optimize model parameters. Additionally, training these models often demands expert involvement, which can limit the accessibility and efficiency of invasive plant management.

AI models, which extract features from complex patterns without human intervention, offer a more efficient approach for invasive plant monitoring. One such pioneering model is the Segment Anything Model (SAM), recently released by Meta AI, which segments an image into distinct objects. As image segmentation is a fundamental task in image processing, various AI models and deep learning methods have been applied to remote sensing imagery, successfully addressing research areas such as environmental monitoring, tree species classification, building classification, and land use analysis [4]. Unlike the commonly used Convolutional Neural Networks (CNN), SAM can make accurate predictions without requiring extensive training data [11]. Another significant advantage of SAM is its adaptability: SAM can segment target objects using a single user interface prompt, without the need for additional training.

Several studies have explored the potential of SAM in remote sensing image classification. For example, SAM has been used to extract glacial features across multiple remote sensing platforms, with results showing that both no-prompt and with-prompt approaches performed effectively across diverse data sources and environmental conditions [12]. Other research has evaluated SAM's performance in detecting camouflaged and transparent objects, crop segmentation, building extraction, and early diagnostics in healthcare [13]. These studies highlighted the challenges of segmenting remote sensing images due to their high variability in shape and size. SAM demonstrated strong scalability for regular objects without prompts, but prompts proved important for segmenting smaller or less distinguishable objects. SAM has also been adapted for change detection in very high-resolution (VHR) remote sensing images and for multimodal segmentation in synthetic aperture radar (SAR) images [14, 15]. More recently, SAM has been tested across multi-scale datasets using various input prompts with the release of "samgeo," a custom tool designed to segment remote sensing images with SAM [16]. However, to the best of our knowledge, SAM has not yet been applied to the monitoring of invasive plants using remote sensing imagery.

Kudzu has emerged as a significant threat to native vegetation and local communities in the southeastern United States, where it has adversely impacted residents and the regional economy for years. Developing precise kudzu distribution maps using accessible methods is crucial to support effective management strategies and mitigate its adverse effects. We proposed a kudzu mapping strategy using high-resolution imagery and the “samgeo” tool, requiring minimal coding effort. The main objectives of this study include 1) proposing a high-resolution kudzu mapping strategy based on the AI segmentation model, SAM; 2) evaluating the performance of SAM on kudzu mapping in different segmentation scenatrios and landscape types; 3) comparing the performance of SAM with other methods on kudzu mapping; 4) investigating the prompting strategies of different SAM segmentation modes on remote sensing images. 


[bookmark: _Toc177671092]4.2 Materials and Methods
[bookmark: _Toc177671093]4.2.1 Study area 
The study focuses on Knox County in East Tennessee, which includes Knoxville, the third-most populous city in Tennessee. Situated in the Great Appalachian (Tennessee) Valley in the Upper Tennessee Basin, Knox County is home of the population of 478,971 as of the 2020 US Census. The region’s climate is humid subtropical, with no distinct wet or dry seasons [22]. The dominant tree species in the area include oak, chestnut, and hickory [21]. Kudzu is one of the most problematic invasive plants in Knox County and the broader East Tennessee region. Despite efforts using both chemical and biological control methods, kudzu remains inadequately managed, posing a widespread threat to vegetation health, particularly on private lands [23]. To explore the effectiveness of SAM-based high-resolution kudzu mapping, we selected four test sites in Knox County. These sites include two urban areas with scattered kudzu infestations along roads and two vegetated areas with large kudzu invasion patches.

[bookmark: _Toc177671094]4.2.2 Data sources and pre-processing
4.2.2.1 Remote sensing image 
The high-resolution imagery used in this study was provided by The National Agricultural Imagery Program (NAIP), an airborne imagery program by the United States Department of Agriculture’s (USDA) Farm Service Agency (FSA). This program is designed for monitoring agricultural growth with routine imagery collection every 2 to 3 years across the continental United States [17]. The imagery has a spatial resolution of 0.6 meters and four bands: blue (435–495 nanometers), green (525–585 nanometers), red (435–495 nanometers), and near-infrared (808–882 nanometers). It is formatted to the Universal Transverse Mercator (UTM) coordinate system using the North American Datum of 1983 (NAD83) with a radiometric resolution of eight bits [20]. The NAIP images have been successfully applied in land cover classification, tree detection, and vegetation segmentation [17-19]. Four datasets were acquired in Tennessee during Aprils of 2016, 2021, and 2023, as well as October of 2018. However, kudzu is not visible in the April images, as it does not grow during that time of year. Therefore, we utilized the October 2018 images, the most recent dataset with detectable kudzu growth. The NAIP images were downloaded from USDA Geospatial Data Gateway (https://datagateway.nrcs.usda.gov/GDGHome_DirectDownLoad.aspx). The mosaic image of the natural color combination with blue, green, and red bands was downloaded to cover Knox County, TN, for kudzu mapping. Given the computation capability of running SAM, the images covering each testing site were sliced into image patches of 600m*600m (1000*1000 pixels on the image) to process.

4.2.2.2 Low-resolution kudzu mask
A low-resolution kudzu mask was used to guide the AI model in generating the high-resolution mask. The low-resolution mask was generated on the Sentinel-2 imagery using the method described in Shen et al. (2024) based on a multi-temporal kudzu mapping strategy of image normalization and spectral unmixing analysis. The mask, created from the low-resolution images acquired in October of 2018, was selected for this study because the NAIP image was also captured in the same month. The mask was formatted as a binary raster file and converted to match the projection of the NAIP image. 



[bookmark: _Toc177671095]4.2.3 AI-based kudzu mapping
The high-resolution kudzu masks were generated using SAM. Trained on a diverse dataset, SA-1B, which contains over 1 billion masks across 11 million images, SAM is capable of segmenting a wide range of objects in an image without additional training [24]. SAM also features a prompt system for detecting and segmenting new objects with minimal human input [11]. It offers three prompt options: bounding boxes, points, and textual descriptions for specific tasks. The open-source Python package, Segment-Geospatial (samgeo), has significantly improved the application of SAM to geospatial data, simplifying the segmentation of remote sensing imagery [25]. This package provides an interactive graphical user interface (GUI) that allows users to segment remote sensing images based on specified prompts and generate raster mask files of target objects with minimal coding effort.

We leveraged SAM's prompt system to segment kudzu from remote sensing imagery using spatial prompts. Three scenarios were tested: automatic segmentation without prompts, segmentation with bounding box prompts, and segmentation with point prompts. For all scenarios, the input image used by samgeo was a three-band composite NAIP image with 8-bit radiometric resolution.

4.2.3.1 Automatic SAM segmentation
The automatic segmentation only requires the image as an input and delineates all objects in the foreground. The output result is a raster mask with unique values assigned to each object in the image. The unclassified segmented mask was then overlaid with the low-resolution kudzu mask generated from Sentinel-2 image. To create a binary kudzu mask, the objects that intersect with the pre-identified kudzu patches were labeled as kudzu (value =1) and all the other objects were labeled as non-kudzu (value = 0) on the segmented mask. 

4.2.3.2 SAM segmentation with point prompts
The point prompts scenario requires additional input in the form of positive and negative sample points, which specify the locations of the target objects and background, respectively. Prompt points of kudzu and non-kudzu areas were created based on the low-resolution kudzu mask. Random points were generated within the kudzu areas from the low-resolution mask and were labeled as kudzu (value 1), while another group of random points was generated in the other area and labeled as non-kudzu (value 0). A spreadsheet was then created to input the longitude, latitude, and label for each point to guide SAM segmentation. The output mask from the point prompt scenario is a segmented binary kudzu mask, where the segmented kudzu objects have a pixel value of 1 and all other areas (non-kudzu) have a pixel value of 0.

4.2.3.2 SAM segmentation with box prompts
For the box prompts scenario, the prompts are bounding boxes that specifies the boundaries of the target objects. The low-resolution kudzu mask was converted to vector format, where the kudzu patches were marked as polygons. To minimize misclassification from the scattered small polygons, polygons smaller than two pixels on the Sentinel-2 image were filtered out. A bounding box was then created for each remaining polygon, representing the minimum bounding geometry for kudzu invasion patches. The bounding boxes for each testing site were saved in a GEOJSON file, which served as an additional input for SAM segmentation alongside the image. The output result from SAM is a binary raster mask, similar to the one generated in the point prompt scenario.

[bookmark: _Toc177671096]4.2.4 Kudzu mapping based on Support Vector Machine (SVM)
As one of the widely used machine learning methods, Support Vector Machine (SVM) is highly effective in supervised classification and has been successfully applied across various fields [27,28]. SVM classifiers construct an optimal hyperplane in the feature space that best separates the training data [SVM2]. It strikes a balance between classifier complexity and prediction errors for high-dimensional data, providing accuracy comparable to more complex neural networks in many applications, without the risk of overfitting [SVM1]. Due to the excellent performance and strong generalization ability, several user-friendly SVM tools have been developed for easy accessibility. 
 To evaluate the performance of the AI model, we also trained an SVM classifier using the Deep Learning Toolbox in ArcGIS Pro, a convenient GUI-based tool that requires no coding. The classifier was trained on the same group of training samples used in developing the spectral unmixing -based kudzu mapping method [29]. The high-resolution image was then classified using the Classify tool with the trained SVM classifier. The original classification map generated from SVM included four classes, according to the classes defined in the training data set [first paper]. The binary kudzu mask was created by assigning 1 to kudzu pixels and 0 to pixels from the other three classes. 

[bookmark: _Toc177671097]4.2.5 Accuracy Assessment
The accuracy assessment was performed by comparing the identified kudzu and non-kudzu areas on the masks and the ground truth samples that were manually delineated in the testing sites.  A confusion matrix was computed to evaluate the accuracy of the binary kudzu masks generated by the three SAM segmentation scenarios, SVM classification, and the spectral unmixing-based kudzu mapping on multispectral images. Four indices, including true negative (TN), false positive (FP), false negative (FN), and true positive (TP), were calculated to construct the confusion matrix of two classes (kudzu and non-kudzu, Figure 2). 
Several classification metrics are calculated based on the confusion matrix. We use the common classification metrics as shown in Equation 1-4. Precision represents the proportion of predicted kudzu areas that were correctly identified according to the ground truth samples. Recall measures the ability of the kudzu mapping method to identify kudzu from the input data, reflecting the proportion of the correctly predicted kudzu areas relative to all ground truth samples. Then , the harmonic mean of precision and recall, provides a balanced evaluation of both metrics. Accuracy indicates the overall proportion of the correct prediction for both kudzu and non-kudzu samples [26]. 











[bookmark: _Toc177671098]4.3 Results
[bookmark: _Toc177671099]4.3.1 Performances of SAM on kudzu mapping
4.3.1.1 Kudzu mapping in urban areas
The performance of the three SAM segmentation scenarios for kudzu mapping was compared across two urban study sites (Figures 3 and 4). In the urban areas, small kudzu patches are typically found near roads and residential properties. For urban testing site #1 (Figure 3), the automatic SAM segmentation divided the image into several objects, including buildings, roads, and vegetated regions (Figure 3c). The resulting kudzu mask covered all vegetated areas where kudzu had invaded (Figure 3d). In the point prompts mode, although the input kudzu points being clustered and the non-kudzu points scattered across the image, the generated mask significantly overpredicted kudzu invasion, including trees, grass, and other vegetation in the testing site. In contrast, the box prompts mode delineates the precise boundary of kudzu patches within the input boxes, producing a kudzu mask that closely matched the ground truth. 

At urban testing site #2 (Figure 4), the automatic segmentation identified fewer objects than in site #1, likely due to the higher landscape complexity in site #2. As a result, the kudzu mask generated by the automatic segmentation (Figure 4c) failed to capture all kudzu invasions, as SAM segmented fewer objects in this case (Figure 4d). In the point prompts mode, the SAM mask covered almost the entire site except for the roads (Figure 4f), while the box prompts segmentation also provides the most reasonable kudzu mask (Figure 4h). 

Table 1 presents the accuracy metrics for kudzu mapping across the three SAM segmentation scenarios. The box prompts scenario provided the best performance in both urban testing sites, achieving the highest accuracy, recall, and F1 score. Although the points prompt SAM segmentation achieved a precision of 100%, it had low recall due to significant overprediction, which included not only the kudzu-invaded areas but also other vegetated regions. In the automatic segmentation scenario, the high accuracy was primarily due to a high true negative (TN) rate in the confusion matrix, indicating that most non-kudzu areas were correctly identified.

4.3.1.2 Kudzu mapping in rural areas
We also selected two rural areas to evaluate the performance of kudzu mapping based on SAM (Figure 5, Figure 6, and Table 2). In the rural areas, trees dominate the landscape and are intermixed with kudzu invasions.  The automatic segmentation produced masks of forests and several small objects, including tree shadows, bare lands, and kudzu patches (Figure 5c and 6c). The resulting kudzu mask identified only the shaded portions of the kudzu patches in rural testing site #1 (Figure 5d), while only three kudzu patches were detected in rural testing site #2, where the boundaries are relatively clear (Figure 6d). As in the urban sites, the points prompt mode led to significant overprediction, failing to generate a reasonable kudzu mask. The kudzu masks generated from box prompts closely resembled the ground truth mask; however, in rural site #1, shaded kudzu invasion areas were excluded, indicating that SAM struggles to identify the kudzu invasion when they are covered by shadows.

[bookmark: OLE_LINK2]Table 2 presents the quantitative evaluation of the three SAM segmentation modes for kudzu mapping. The SAM-based mapping demonstrated similar performances in rural areas as in urban areas, with high overall accuracy in automatic segmentation mode, largely due to the correct identification of non-kudzu areas. The points prompt mode exhibited high precision but low recall, caused by significant overprediction of kudzu. The box prompts mode provided the best overall performance across all metrics. However, the SAM-based kudzu mapping performed worse in rural areas compared to urban areas, as distinguishing kudzu from trees proved more challenging than separating it from buildings and roads. 

[bookmark: _Toc177671100]4.3.2 Comparison with other kudzu mapping methods
We compared the SAM-based kudzu mapping with box prompts to two SVM-based kudzu mapping methods; one using only the high-resolution image (referred to as “SVM-NAIP”) and another incorporating light detection and ranging (LiDAR) point clouds (referred to as “SVM-NAIP-LiDAR”). The SVM-NAIP classifier was trained on the same sample data used in spectral unmixing analysis to create the low-resolution kudzu mask, then applied to the high-resolution image for supervised classification. The kudzu mapping method of SVM-NAIP-LiDAR, developed in [wanwan], employed a two-step kudzu classification that incorporates object-based image analysis, random forest, and SVM using both LiDAR point clouds and high-resolution NAIP image. 

Visual comparison and accuracy assessment of kudzu maps from these three methods are shown in Figure 7 and 8. SAM with box prompts was chosen for comparison as it provided the most accurate kudzu maps among the SAM segmentation modes. As illustrated in Figure 7, the SVM-NAIP method significantly overpredicted kudzu invasion and struggled to differentiate kudzu from surrounding vegetation. In contrast, both SVM-NAIP-LiDAR and SAM produced more accurate kudzu masks, effectively separating kudzu from adjacent trees and grasslands, particularly in rural areas. The SVM-NAIP-LiDAR method missed some kudzu locations in urban areas but successfully identified shaded kudzu patches in rural areas. Meanwhile, the SAM-based kudzu map captured more complete kudzu invasions in urban sites but failed to detect kudzu under tree shadows in rural sites.

Accuracy assessment indicates that SAM segmentation with box prompts exhibits the best performances with highest accuracy, recall, precision, and F1 score in all urban and rural testing sites. The high precisions and low recalls from SVM-NAIP are caused by the large overpredictions of kudzu invasion. SVM-NAIP-LiDAR achieved high overall accuracy but relatively low precision, as it failed to detect all kudzu locations, particularly in urban areas. The SAM with box prompts generated accurate high-resolution kudzu masks without the need of LiDAR data processing and the training required for the SVM model.  

[bookmark: _Toc177671101]4.4 Discussions
[bookmark: _Toc177671102]4.4.1 Improvements of SAM from the spectral unmixing-based kudzu mapping
The spectral unmixing and phenology-based kudzu mapping method allows for continuous and large-scale monitoring of kudzu invasion at the county level [shen,2024]. The kudzu masks generated from the multispectral Sentinel-2 images also serve as important prompts to guide the pretrained SAM model in segmenting kudzu invasion areas on high resolution images. Both the kudzu maps created by spectral unmixing and SAM with box prompts avoid most misclassification involving grass and trees, delivering reasonable accuracy [shen,2024]. Figure 9 illustrates some enlarged examples from the four testing sites, highlighting the improvements in kudzu mapping from spectral unmixing of multispectral images to SAM segmentation of high-resolution images. The high-resolution mask provides more precise and smooth boundaries for kudzu patches, avoiding misclassification of adjacent roads and buildings. SAM segmentation also merges nearby kudzu patches and fills gaps within the same invaded area, creating more cohesive kudzu maps. However, while the spectral unmixing method can detect kudzu invasion under tree shadows, SAM segmentation often excludes these areas, particularly in rural sites, due to shadows being less of an issue on multispectral images with courser resolution. The precise delineation of kudzu invasion in urban areas provided by SAM-based masks enhances accurate estimation of invaded areas, diagnosis of invasion boundaries and intensity, assessments of the impact on private properties and public infrastructures, as well as estimation of the costs for kudzu eradication.

[bookmark: _Toc177671103]4.4.2 Impacts of different zoom levels on SAM performances
The performance of SAM is also influenced by the relative size of objects within the image, which can lead to the omission of smaller objects in large images. Studies on iceberg segmentation with SAM showed that zooming into the image improved F1 scores and increased the detection of small icebergs [12]. A smaller, more zoomed-in image contains fewer objects but allows for more detailed detection. We compared SAM’s performance in kudzu mapping at different zoom levels in both rural and urban sites (Figure 10 and Figure 11). In the box prompts mode, kudzu patches near the image edges were less accurately delineated in the zoomed images (as highlighted in black boxes in Figure 10 and Figure 11), whereas kudzu patches fully within the image boundaries were accurately mapped, with no significant differences across zoom levels. In automatic segmentation mode, more detailed objects were detected in zoomed images, with even background areas being identified as a separate object in the most zoomed-in image in Figure10.
Therefore, zoom levels is not a critical factor in the box prompts mode when all objects are fully covered by the input image. However, determining the appreciate zoom levels is crucial in the automatic SAM segmentation mode for accurately identifying small objects and background details. 
[bookmark: _Toc177671104]4.4.3 Kudzu mapping strategies based on three SAM modes
We observed that the mapping strategy varies when using different prompts to guide SAM in our kudzu mapping. In automatic segmentation mode, post-processing is essential for the unlabeled mask and crucial for achieving accurate mapping. Automatic SAM may fail to segment all objects, potentially overlooking important features in what is classified as background. However, in remote sensing images, most landscapes are complex and interconnected, often lacking a distinct “background”. The automatic segmentation performed better in urban areas, where object boundaries are more clearly defined. 

Additional prompts are critical for applying SAM to accurately extract specific targets. Although points prompts are relatively easy to collect, the segmentation results are not ideal in both rural and urban sites. We therefore tested the performances of SAM using different numbers of prompt points. Figure 10 compares kudzu masks created from 10, 100, and 500 randomly placed points, as well as manually collected points as prompt inputs. The results indicate that as the number of prompt points increases, the overprediction of kudzu invasion also grows (Figure 10a, b, c). Moreover, achieving a reasonable kudzu mask remains challenging even when using manually collected points as prompts (Figure 10d). 

SAM with bounding box prompts provides the most reasonable and accurate kudzu maps among the three modes. However, SAM only segments the objects within the specified bounding boxes, making the accuracy of these boxes crucial. We investigated the impacts of inaccurate bounding boxes on kudzu mapping using SAM, examining scenarios with offset and enlarged bounding boxes (Figure 11 and 12). Our results indicate that both the offset and enlarged bounding boxes slightly decrease the mapping accuracy. Specifically, inaccurate positioning and sizing of the boxes result in the inclusion of more non-kudzu areas within the box prompts, leading to misclassification and reduced recall. It is also noticed that SAM segmentation with larger bounding boxes even exhibits higher precision of kudzu mask compared to the original boxes. This occurs because larger boxes can mitigate the risk of inaccurate kudzu identification near boundaries. However, larger box prompts also result in lower recall due to the increased likelihood of overprediction. Therefore, precise sizing and positioning of bounding boxes are critical for achieving accurate kudzu maps with SVM.



[bookmark: _Toc177671105]4.5 Conclusions
The pretrained AI model, SAM, and the ready-to-use open-source package, “samgeo”, provide a promising approach to mapping the distribution of the target objects, such as the invasive plants, kudzu, in this research. This paper investigated the performances of three SAM segmentation modes in mapping kudzu distribution on high-resolution imagery in both urban and rural regions, compared with other kudzu mapping methods, and discussed the mapping strategies of SAM segmentation. Our results indicate that the automatic segmentation provides an unlabeled mask of segmented objects with the necessity of selecting the most appropriate zoom level of the image and post-processing to label the target objects. The automatic segmentation is also more reliable in urban areas where landscapes have clear boundaries. The point prompts mode largely overpredicts kudzu invasions and it’s even worse when increasing the number of prompt points. The box prompts mode provides the most reasonable and accurate kudzu mask with the input of bounding boxes of the targets, where the sizing and positioning of the bounding boxes affect the kudzu mapping accuracy. SAM segmentation also provides an advance in kudzu mapping from the spectral unmixing- based low resolution mask to more precise boundaries of kudzu patches on the high-resolution image, without model training and heavy coding efforts. It also outperforms SVM-based kudzu mapping, even incorporating LiDAR point clouds and other advanced methods. Further exploration is necessary to improve the SAM-based kudzu mapping to identify the kudzu invasion under shadows on the high-resolution image.

This study successfully applied SAM model and “samgeo” package in mapping invasive plants on high-resolution imagery, with minimal coding effort. The high-resolution kudzu mask provides precise inventory of invaded areas, assessments of the impact on private properties and public infrastructures, as well as estimation of the costs for kudzu eradication. The proposed strategies of SAM segmentation in this study are important references for future research in applying SAM to segmentation and object detection on remote sensing images. It also fosters the integration of remote sensing technology with the state-of-art AI models. 
[bookmark: _Toc177671106]
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[bookmark: _Toc177671121]Table 4‑1 Accuracy assessment of SAM kudzu mapping in two urban testing sites.
	
	Urban site 1
	Urban site 2

	
	No prompts
	Points prompt
	Box prompt
	No prompts
	Points prompt
	Box prompt

	Accuracy
	0.964
	0.660
	0.997
	0.943
	0.090
	0.978

	Recall
	0.192
	0.024
	0.782
	0.211
	0.049
	0.750

	Precision
	1.000
	1.000
	0.858
	0.083
	1.000
	0.783

	F1 Score
	0.322
	0.048
	0.818
	0.119
	0.093
	0.766



[bookmark: _Toc177671122]Table 4‑2 Accuracy assessment of SAM kudzu mapping in two rural testing sites.
	
	Rural site #1
	Rural site #2

	
	No prompts
	Points prompt
	Box prompt
	No prompts
	Points prompt
	Box prompt

	Accuracy
	0.976
	0.196
	0.982
	0.941
	0.582
	0.981

	Recall
	0.906
	0.036
	0.812
	0.274
	0.101
	0.797

	Precision
	0.214
	1.000
	0.652
	0.152
	1.000
	0.782

	F1 Score
	0.346
	0.069
	0.723
	0.195
	0.183
	0.790



[image: ]
[bookmark: _Toc177671296]Figure 4‑1Locations of the test sites in Knox County.
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[bookmark: _Toc177671297]Figure 4‑2 Flowchart of kudzu mapping with SAM.
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[bookmark: _Toc177671298]Figure 4‑3 An example of confusion matrix in kudzu mapping evaluation.
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[bookmark: _Toc177671299]Figure 4‑4 An example of mapping kudzu in urban areas based on three SAM segmentation scenarios (Urban site #1).
(a) NAIP image; (b) Ground truth polygons; (c) Segmentation mask automatically created by SAM without prompts (Unique colors were assigned to individual objects and white to background); (d) Kudzu mask based on automatic SAM segmentation; (e) Prompt input of points (Red points for kudzu and blue points for no-kudzu locations);  (f) Kudzu mask from point prompts segmentation; (g) Prompt input of boxes; (h) Kudzu mask based on box prompts segmentation.
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[bookmark: _Toc177671300]Figure 4‑5 Another example of mapping kudzu in urban areas based on three SAM segmentation scenarios (Urban site #2).
Subfigure captions are the same as Figure 3.
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[bookmark: _Toc177671301]Figure 4‑6 An example of mapping kudzu in urban areas based on three SAM segmentation scenarios (Rural site #1).
Subfigure captions are the same as Figure 3.
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[bookmark: _Toc177671302]Figure 4‑7 Another example of mapping kudzu in urban areas based on three SAM segmentation scenarios (Rural site #2).
Subfigure captions are the same as Figure 3.
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[bookmark: _Toc177671303]Figure 4‑8 Comparison of kudzu maps between different methods. 
The three rows represent the three methods and the four columns represent four testing sites in both urban and rural areas.
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[bookmark: _Toc177671304]Figure 4‑9 Accuracy assessment of different kudzu mapping methods.
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[bookmark: _Toc177671305]Figure 4‑10 Enlarged areas on kudzu maps generated from spectral unmixing and SAM with box prompts.
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[bookmark: _Toc177671306]Figure 4‑11 SAM performances of kudzu mapping on different zoom levels in urban areas. 
From left to right, the zoom levels are from the most to the least zoomed-in.
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[bookmark: _Toc177671307]Figure 4‑12 SAM performances of kudzu mapping on different zoom levels in rural areas. 
From left to right, the zoom levels are from the most to the least zoomed-in.
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[bookmark: _Toc177671308]Figure 4‑13 Kudzu masks from SAM segmentation with different points prompts.
The point prompts of (a), (b), and (c) are randomly generated points with the numbers of 10, 100, and 500 created each in kudzu and non-kudzu locations, respectively. The point prompts of (d) are manually collected kudzu and non-kudzu locations. 
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[bookmark: _Toc177671309]Figure 4‑14 Kudzu masks from SAM segmentation with different box prompts.
The offset boxes were created by moving the original boxes northward ~20m. The large boxes were created by enlarging the areas of original boxes to their ~1.5-2 times. 
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[bookmark: _Toc177671310]Figure 4‑15 Accuracy assessment of kudzu masks from SAM segmentation with different box prompts.
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[bookmark: _Toc177671109]5.1 Summary and major findings
As one of the most troublesome invasive plants in the Southeastern United States, kudzu deserves precise mapping and thorough investigation to eliminate the economic loss and ecological deterioration. However, there is a dearth in current research of kudzu distribution and growth characteristics. This dissertation research proposes methods to map the distribution of the invasive kudzu on easily assessed multi-source remote sensing imagery, investigates kudzu growth dynamics, and identifies the potential influential factors on kudzu invasion. The study area is Knox County, Tennessee, a representative region highly impacted by kudzu in southeastern United States.

Spectral unmixing analysis is applied on the multi-spectral remote sensing images for kudzu mapping to address the issue of mixed pixels, which integrates the phenological characteristics to compensate the limitation in spectral difference between kudzu and the surrounding vegetations. The proposed three-step classification process consists of linear unmixing, phenology-based masking, and nonlinear unmixing to identify the presence of kudzu in Knox County. The results indicate that linear unmixing provides high producer’s accuracy but low user’s accuracy due to the misclassification of grasslands as kudzu. The phenology-based mask that is created based on the differences of linear kudzu abundance NDVI difference improves the kudzu classification accuracy and decreases the computing expense for nonlinear spectral unmixing. The nonlinear unmixing analysis can refine the kudzu abundance estimation and presence classification with cautious selection of the unmixing model. The invaded kudzu is found as scattered small patch along forest edges, roads, and near houses and infrastructure.

The kudzu mapping method is then adapted to a multi-temporal strategy for continuous kudzu mapping based on the repeated observations of Sentinel-2 imagery. The monthly kudzu distribution maps demonstrate a distinct phenology compared to surrounding vegetation, with a delayed growth peak from late spring to summer and followed by a rapid defoliation in the fall. A consistent upward tendency of kudzu invasion is observed in Knox County from 2020 to 2022. It is also noted that kudzu growth is not restricted by precipitation in the humid climate, while monthly temperature plays a more critical role in kudzu phenology with clear seasonal variations. However, excessive precipitation may restrain kudzu growth, while warmer climates facilitate kudzu expansion in the future. The decreasing kudzu density from the increasing of the distances to road centerlines highlights the strong connection between kudzu growth and human activities. The most heavily invaded areas were typically found along highways, riversides, or the peripheries of vegetated areas within urban parks. 
 
The high-resolution kudzu mapping method is developed based on the pretrained artificial intelligence (AI) model, Segment Anything Model (SAM).  Three SAM segmentation modes is tested in both urban and rural regions, including automatic segmentation, point prompts segmentation, and box prompts segmentation. The automatic segmentation requires post-processing to label the target objects and the selection of the appropriate image zoom level. The automatic segmentation is also more reliable in urban areas where landscapes have clear boundaries. The point prompts mode largely overpredicts kudzu invasions, while the box prompts mode provides more reasonable and accurate kudzu mask with the input of bounding boxes of the targets. However, the sizing and positioning of the bounding boxes affect the kudzu mapping accuracy. SAM segmentation outperforms SVM-based kudzu mapping, even incorporating LiDAR point clouds and other advanced methods. It also improves kudzu mapping from the low-resolution map generated from the spectral unmixing analysis to more precise boundaries of kudzu patches on the high-resolution image, allowing for evaluating the impact on private properties and public infrastructures and estimating the costs for kudzu eradication.


[bookmark: _Toc177671110]5.2 Plans for future work
5.2.1 Further improvement of kudzu mapping on multispectral images
The further research should focus more on the improvement of accuracy and efficiency of the kudzu mapping method. For continuous kudzu monitoring on multispectral images, it is important to integrate multi-source data to facilitate the extraction of the invaded area. Research show that hyperspectral images are very helpful in deriving the canopy spectra for unmixing analysis on multispectral images to map the distribution of invasive and native plants [1]. Light detection and ranging (LiDAR) data also improved invasive plants mapping accuracy [2,3]. Further kudzu mapping research can incorporate multi-source data to extract the invasion areas more accurately and efficiently, such as saving computation expense by extracting the landcovers where kudzu usually invaded on landcover maps, requiring endmember spectra on hyperspectral images, and location kudzu invasions from social media data. 

Spectral unmixing analysis can be improved by an appropriate selection of band combinations and endmember types. Studies have found that incorporating red edge bands of Sentonel-2 image have increase the computation time but have had little influence in improving the accuracy of abundance estimation for vegetated endmembers due to their high correlations [4]. More specific endmember types would also increase the accuracy of spectral unmixing-based classification [5]. It’s therefore necessary to investigate the distribution of native tree species and take those native tree species as endmembers in spectral unmixing analysis, which allows for more precise mapping of kudzu invasion and exploring the correlations between kudzu and the native tree types. 


5.2.2 Kudzu invasion in extended spatial and temporal coverage
In the proposed research, I investigated characteristics of kudzu growth and impacts of climate factors on kudzu mapping in three years. However, research have shown that it needs climate data from decades of years to reveal the trend of climate change [6]. Climate change has been observed with increasing temperatures, shifting precipitation patterns, and more frequent extreme weathers [7,8]. The changing climate provides an altering environmental background which leads to the suitable habits of the invasive plants extended to new regions and therefore an increasing in invaded areas [9]. In addition, the disturbance caused by extreme weathers and the measurements taken to mitigate the changing climate offer various potentials for exotic plants to spread [10].  Therefore, further research should investigate the impacts of climate change in a relative long time period, which is critical to conduct appropriate eradication measurement to invaded kudzu and predict kudzu invasion in the future. 

The kudzu research is conducted in Knox County, Tennessee, which hosts only one stationary weather station with complete observations of air temperature, surface temperature, precipitation, soil moisture, solar radiation, and wind speed. The 13 rainfall monitoring stations located in the study area only provide precipitation measurement. It’s different to evaluate the spatial variations of climate in kudzu invaded areas at a county level. The US Climate Reference Network (USCRN) consists of 114 stations in the continental US, two of them located in Tennessee [11]. Expending the study area is therefore crucial to thoroughly understand the invasive characteristics of kudzu across different areas. 


5.2.3 Integration of AI model of high-resolution images on kudzu mapping 
The pretrained AI model, SAM, precisely delineated kudzu invasion boundaries on high-resolution images with the prompt input of accurate bounding boxes. However, SAM failed to identify the shaded kudzu areas on the image, especially in the rural areas. As shadows are a common issue on high-resolution image, research usually define shadow as a separate class when classifying remote sensing images [12,13]. Several methods also interested in extracting cloud shadows using deep learning approach [14]. Shadow detection is also a research hotspot in image segmentation, where several region-based segmentation methods were developed to detect shadows by aggregating sub-regions based on the connected or adjacent pixels [15]. Those methods are especially important to extract continuous boundaries of the objects with shaded parts. Shadows are also reported to play a significant role in identifying vegetation species in spectral unmixing analyses [16]. In high-resolution kudzu mapping, accuracy will be largely improved by developing the methods to identify the shaded kudzu areas and extract the complete kudzu patches on the image, such as using neighborhood pixels or data from different sources as supplement to detect the shaded kudzu. 

The pretrained model provides an approach to apply the advanced AI technology without heavy coding efforts, but the performances for specific tasks will be significantly improved with slight modification of the model [17,18]. As one of the key processes in deep learning and especially in generative AI, fine-tuning uses specific data to adjust the pretrained model to better fit for the demanding tasks, which is as known as transfer learning. Further research should improve high-resolution kudzu mapping by fine-tuning SAM using kudzu images, like “teaching” the model what is kudzu by showing it plenty samples of kudu images. For example, if SAM was fine-tuned by kudzu data and modified the box-prompt SAM to identify both the inside and outside of the bounding boxes, the model can identify kudzu areas on the whole image with box inputs without the necessity of bounding boxes of all kudzu patches, as well as less sensitive to the sizing and positioning of the box inputs.
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