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1. Abstract 
Species monitoring is essential for mitigating the impacts of plant invasion, such as radical changes in an area’s ecosystem, degraded soil health, increased wildfire severity, landslides, and increased flooding. For this project, NASA DEVELOP partnered with the National Park Service (NPS) to investigate invasive species in disturbed lands: specifically, areas affected by off-trail travel and U.S.-Mexico border construction activities. The team assessed how construction has impacted the distribution of Lehmann’s lovegrass and Russian thistle invasives throughout Coronado National Memorial, AZ from 1986-2022. Using data from Landsat 5 and 8, Sentinel-2, NAIP, and PlanetScope, the team computed NDVI, NDMI, MSAVI2, EVI, and Tasseled Cap Wetness, Brightness, and Greenness transformations as vegetation health indicators to input into various machine learning algorithms. To minimize noise, the team conducted Principal Component Analysis on vegetation indices and spectral bands before running k-means clustering and random forest classification algorithms. Between all datasets, the team found that the median area fully overtaken by invasive plants was 5.37% of the park’s total area in 2022. The NPS will use end products to help increase restoration efforts in disturbed areas with high concentrations of invasive plants, and this project can serve as a jumping off point for future invasive species monitoring. The NPS’s collection of ground data for 2022-2023, in conjunction with future data collection, will notably improve the accuracy of classification models, leading to more precise monitoring of invasive species spread over time.

Key Terms
[bookmark: _Toc334198720]Coronado National Memorial, invasive species, border wall construction, social trails, random forest, k-means, principal component analysis

2. Introduction
[bookmark: _Toc334198721]2.1 Background Information
Coronado National Memorial (CORO) sits at the intersection of the Sierra Madre mountains, Rocky Mountains, Chihuahuan Desert, and Sonoran Desert within the “Sky Islands” of Southeastern Arizona (National Park Service, n.d.). This unique location makes CORO one of the most biologically diverse regions in the world; it is home to hundreds of plant and animal species, including the rare lesser long-nosed bat (National Park Service, 2023). 
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Figure 1. CORO is shown here in yellow.

While CORO has experienced human and naturally caused vegetative change throughout history, for this paper, the team focused on construction-related changes between 1986-2022. The 1994 passing of Operation Gatekeeper sparked the beginning of decades-long border wall construction between the U.S. and Mexico.  Some ecological impacts that have since been documented include erosion, vegetative change, hydrological distress, threats to over 1,500 animal and plant species, elevated CO2 omissions, and plant invasions (Merritt, 2021).

Another repercussion of border construction includes the “displacement effect,” in which trails between the U.S. and Mexico shift to more remote, densely vegetated land (Wang, 2019). In addition, construction and border patrol activities have necessitated roads be built throughout the borderlands. Even small disturbances in the desert can have large impacts: “a single tire track over the desert floor can last for hundreds of years” (Goodwin, 2000). Construction-related impacts include erosion, soil compaction, and changes in vegetation communities (Esque et al., 2016). In fact, one study determined that within a 3-mile buffer of the border, a one standard deviation increase in border crossings caused a vegetation index decline of 4.1% of its own standard deviation, and a one standard deviation increase in border patrol staff, caused a vegetation index decline of 19.0% of its own standard deviation (Wang, 2019). 

CORO’s borderlands provide an excellent habitat for invasive species because they thrive in disturbed soils, such as near construction roads, unauthorized trails, and fence lines (National Park Service, n.d.; Orloff et al., 2008). Invasive plants can outcompete native plants, degrade soil health, and increase fuel load for wildfire, increasing the chance of other disasters like landslides and floods (Lien et al., 2019). CORO has experienced biological invasions for many decades; in this paper, we focus on two species: Lehmann lovegrass (Eragrostis lehmannia) and Russian thistle (Salsola tragus L.).

Russian thistle, introduced to the U.S. in the 1870s, invaded 100 million acres of land by 2008 (Orloff et al., 2008). Over 200,000 seeds per plant can travel by wind and transportation/construction equipment for miles, germinating without rainfall (University of Arizona, n.d.). There is less available information about Russian thistle in CORO than about Lehmann lovegrass. Native to South Africa, Lehmann lovegrass was introduced to Arizona in the late 1930s by U.S. biologists in grassland restoration efforts. Between 1960 and 1980, the AZ Department of Transportation also seeded the grass along highways for erosion control (Humphrey, 1994). This species is so well-adapted to southern Arizona that by 1990, the plant’s area increased by 289% of its original acreage (Grissom, n.d.). In CORO, lovegrass threatens Palmer’s agave, the Lesser long-nosed bat’s primary food source, both by creating shade through which the agave cannot receive sunlight and by increasing wildfire intensity which the agave cannot withstand. Additionally, construction of the border fence in CORO destroyed over 3,100 Palmer agave (Gill et al., 2022).

Swetnam et al. used five vegetation and moisture indices processed from remotely sensed data to investigate vegetative disturbance and stress along the border (2021). To map invasive plants, Kumar et al. and Clinton et al. suggested using remotely sensed data and machine learning algorithms to map invasive species (2020; 2010). In this paper, we used some of the same vegetative health indicators as inputs for two machine learning classifiers.

2.2 Project Partners & Objectives
The team partnered with the National Park Service (NPS) in CORO to implement remotely sensed data in vegetation mapping. The team produced vegetation health time series graphs and vegetation maps, focusing on invasive species and the effects of border wall construction activities. Restoration and management are important as “some areas in the border region have been so severely affected that they may never return to their original vegetation cover” (Wang, 2019). Since early detection of biological invasions increases the chance of successful mitigation efforts, the NPS can reduce restoration costs using this project’s end products (Kumar et al., 2020). 

Though border construction has halted, 3.3 miles of wall have already been constructed in CORO. Building materials left in the memorial by previous construction crews have caused soil and vegetative damage (Arthur, 2022). Due to uncertainty regarding the future of construction, CORO’s restoration and mitigation efforts have also halted. Therefore, the partners will use our end products to bolster documentation, planning, and requests for funding from appropriate agencies.

[bookmark: _Toc334198726]3. Methodology
3.1 Data Acquisition 
3.1.1 Shapefile and EO Acquisition
The NPS team at CORO provided the DEVELOP team with several shapefile datasets including park boundaries and roads, the border road, and authorized and unauthorized trails in addition to geodatabase layers with vegetation associations, hydrology, and geology. The CORO partners also shared training points and polygons of both native and invasive vegetation in the park. The data provided by CORO NPS is summarized in the appendix, Table A1.

The team utilized data from NASA, ESA, and PlanetScope. They acquired imagery from Landsat-5 Thematic Mapper (TM), Landsat 8 Operational Land Imager (OLI), Sentinel-2 Multispectral Imagery (MSI), National Agriculture Imagery Program (NAIP), and PlanetScope, and focused on the green-up periods between April and October every 3 years from 1986-2022. They also collected surface reflectance products for Landsat, Sentinel, and Planet data. The team used the Harmonized Landsat-8/Sentinel-2 phenology dataset (MSLSP) in combination with partner-provided training points to determine the collection period, as described in the following section, section 3.1.2. The Earth observations utilized by the team are summarized in the appendix, Table A2.

3.1.2 Phenology Data
The MSLSP data product contained one image per year with over 20 layers, each detailing a different phenological property. The team used ArcGIS Pro 3.1.0 to visualize onset greenness increase (OGI), 50% greenness increase (50PCGI), and onset green-down (OGD) layers. From the partner-provided training point data, the team extracted known instances of invasive plants (Lehmann’s lovegrass and Russian thistle) to a new layer and then extracted known instances of non-invasive plants to a second new layer. They extracted each chosen phenology layer's data to every point representing invasive presence and then created histograms for each sub-layer (see Figure 1 below). Through this analysis, the team was able to identify two green-up periods, one in April and one in June, with 50% greenness around mid-July. Onset green-down did not reveal any distinction between invasive and native species. The partners suggested collecting vegetation data post-monsoon, which runs from June 15-September 30. This information helped inform our data collection period of April-October.

[image: ]
Figure 1. The histogram for invasive plant onset greenness in 2017 reveals two distinct green-up periods for invasive plants, one in mid-April and one in mid-June.

3.2 Data Processing
3.2.1 Datasets
The team utilized Google Earth Engine (GEE) Javascript API to process and analyze Sentinel-2 MSI, NAIP, Landsat-5 TM, and Landsat-8 OLI image collections, which we filtered by study period, clipped to the study area, and sorted by cloud cover, selecting the least cloudy image for each date of interest. We applied a cloud mask to the Landsat-5 TM and Landsat-8 OLI images using the pixel quality assessment (QA) 16-bit bands to remove pixels containing clouds and cloud artifacts, including cirrus clouds, dilated clouds, and cloud shadows. For Sentinel-2 MSI, the team used the European Space Agency’s (ESA) Sentinel-2 Cloud Probability image collection to create a cloud mask and mask out any pixels with at least 75% probability of containing clouds. NAIP was already pre-processed and did not require a cloud-mask; thus, we simply filtered by the first least cloudy image. Then we filtered PlanetScope data by study period and images containing 0% cloud cover, downloaded them locally using Planet Explorer, and then imported them into GEE and clipped them to the study area.

The team scaled the Sentinel-2 MSI surface reflectance (SR) and PlanetScope SR data by dividing each band by 10,000 according to ESA documentation. To scale Landsat-5 and 8, the team multiplied each band by 0.0000275 then subtracted 0.2 according to USGS documentation. NAIP data were neither scaled nor computed for surface reflectance due to time constraints, which will be described in the limitations section.

All partner-provided data were projected in NAD1983. The CORO vegetation association layer consisted of 49 vegetation classes while the training data provided by the NPS consisted of a subset of 29 classes, with an added variable denoting a level of invasiveness for each plant. The team condensed the original 49 classes to 13 based on the overarching vegetation association structure and invasive vs. non-invasive designations (Table B1). Variables that informed class condensation included level of invasiveness, composition of the association (mostly grass, mostly tree, mostly shrub, % mixture, etc.), and assumed spectral differences between the classes. To focus on invasive species, the team further condensed the 13 classes to four based on level of invasiveness. See appendix B, Table B2 for condensed classes.

3.2.2 Index Calculations
The team calculated Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and Modified Soil Adjusted Vegetation Index (MSAVI2) for all Earth observations. In addition, the team calculated Normalized Difference Moisture Index (NDMI), and Tasseled Cap Brightness (TCB), Wetness (TCW), and Greenness (TCG) for Sentinel-2 MSI and Landsat-5 and 8 data, as these sensors collect more spectral band information than NAIP and PlanetScope. See Table C in the appendix for index equations.

3.3 Data Analysis
3.3.1 Principal Component Analysis 
Due to high intercorrelation between variables, the team conducted a principal component analysis (PCA) using all available spectral bands, NDMI, NDVI, EVI, MSAVI2, TCW, TCB, and TCG for both Sentinel-2 and Landsat data. PCA reduces intercorrelation by creating an equal number of new variables called principal components, which are uncorrelated linear combinations of the original variables (Joliffe, 2022). 

To determine which principal components (PC) to use, the team computed percent variance in the data explained by each PC and decided to use enough to cover at least 99% of the original variance in the data. The principal components allowed the team to reduce the number of variables in both supervised and unsupervised classifications: Sentinel-2 variables were reduced from 16 to 5 and Landsat variables were reduced from 13 to 4. See Figure 2 below for more information about PCs.
                                [image: ][image: ]
[image: ][image: ]
Figure 2. The percentage of original data variance explained by each principal component for Landsat and Sentinel-2 PCAs, overlayed by a cumulative percent, which reveals the power of using principal components to reduce the necessary number of input variables.

3.3.2 Unsupervised Vegetation Classification
The team ran a k-means classification in GEE on each Earth observation dataset to produce an image with 13 land cover classes. A k-means cluster receives data inputs and a set number of clusters and uses an unsupervised machine learning algorithm to find patterns in the data inputs and determine appropriate cluster groupings (MacQueen, 1967). The team used the partner-provided training data on the most recent image available within the study period for each dataset to assess each classifier’s accuracy. 

The original k-means classifiers included the bands and indices listed in Table 1 and used a k-means++ smart initialization protocol to improve computation run-time and accuracy (Arthur & Vassilvitskii, 2007). The Landsat-8 and Sentinel-2 datasets sampled every pixel, while the NAIP and PlanetScope imagery set the number of pixels sampled to 20,000 and 16,655, respectively. The team input a tile scale of 16 in GEE to process the latter two classifications with higher resolutions, which would prevent the computation from running out of memory. After running initial classifications, the team ran another k-means classifier for Landsat and Sentinel-2 data using the Principal Components as described in section 3.3.1.

Table 1
Initial k-means inputs
	Platform and Sensor
	Spectral Bands
	Indices
	Spatial Resolution

	Landsat 5 TM
	Blue (SR_B1), Green (SR_B2), Red (SR_B3), NIR (SR_B4), SWIR1 (SR_B5), SWIR2 (SR_B7)
	NDMI, NDVI, EVI, MSAVI2, TCW, TCG, TCB
	30 meters

	Landsat 8 OLI
	Blue (SR_B2), Green (SR_B3), Red (SR_B4), NIR (SR_B5), SWIR1 (SR_B6), SWIR2 (SR_B7)
	NDMI, NDVI, EVI, MSAVI2, TCW, TCG, TCB
	30 meters

	Sentinel-2 MSI
	Blue (B2), Green (B3), Red (B4), Red Edge 1-3 (B5-7), NIR (B8), SWIR1-2 (B11-12)
	NDMI, NDVI, EVI, MSAVI2, TCW, TCG, TCB
	10 meters (or resampled from 20 to 10)

	NAIP
	Blue (b1), Green (b2), Red (b3), NIR (b4)
	NDVI, MSAVI2, EVI
	1 meter

	PlanetScope
	Blue (b1), Green (b2), Red (b3), NIR (b4)
	NDVI, MSAVI2, EVI
	3.25 meters



3.3.3 Supervised Vegetation Classification
For Landsat-5 and 8 and Sentinel-2, the team first conducted a PCA to reduce the noise in the classifier. The team re-classified the 430 training points provided by the NPS into 13 land cover classes (listed in Table A1) and randomly split 70% of the points for training classification while reserving 30% of the points for validation or “testing” in QGIS 3.10. The team then ran a random forest classifier in GEE on each Earth observation dataset using the training points (Ho, 1995). Random forest is a machine learning algorithm that organizes data into a specified number of classes based on characteristics of training data. The algorithm creates decision trees based on the training data and uses these to parse the data into classes. After running the 13-class random forest, the team ran another random forest with four classes to focus on invasives (appendix B, Table B2).

For both the four class and the 13 class images, the team generated confusion matrices for the training sample and validation sample, which represented resubstitution error and validation accuracy for each random forest classification. We also found producer’s and consumer’s accuracy and the Kappa coefficients to assess accuracy. The team compared these metrics to accuracy metrics for the k-means classifiers to determine which classification scheme was best equipped to predict vegetation classes for each dataset. 

3.3.4 Time Series Analysis
The team investigated vegetative change pre- and post- initial border wall construction (2009), pre- and post- Monument Fire (2011), and pre- and post- border wall construction (2019). As each Earth observation has a different temporal limitation, not every observation was used for each change detection.

NAIP was used to conduct a longer time-series analysis by comparing classified images in June of 2007, 2010, 2013, 2017, and 2019. The team conducted an additional large-scale time-series analysis using Landsat data to compare the median MSAVI2 across the park for June of every year from 1986-2022. The team conducted an additional large-scale time-series analysis by comparing the park’s median MSAVI2 of Landsat images from June 1986-2022 (excluding missing data points from 2001 and 2012).

3.3.5 Buffer Analysis
To hone in on invasive plant distribution throughout the park, the team conducted a buffer analysis around disturbed areas using Sentinel-2 MSI data, due to its high accuracy in pinpointing invasive plants. We investigated 30, 40, and 50-meter buffers: first surrounding all disturbed areas, and then surrounding only border construction-related areas (social trails and construction roads). The team then calculated the percent of Russian thistle classified by Sentinel’s random forest within those buffers. See Figure 3 as an example.
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Figure 3. Sentinel-2 random forest classification for June 2022, overlayed with authorized roads, authorized trails, and border construction roads in black. On the top left, the main road through West CORO is lined on both sides by Russian Thistle (pink pixels). On the top right, the border construction road in South CORO has encouraged an incredible amount of Russian Thistle encroachment. On the bottom, see all CORO roads and trails with a 50m buffer in red. Social trails have been excluded from this figure due to privacy concerns.

[bookmark: _Toc334198730]4. Results & Discussion
4.1 Analysis of Results
4.1.1 k-means Results
When assessing the k-means cluster algorithm, the team first looked to reduce intercorrelation among the input variables. The original k-means cluster algorithm included the seven vegetation indices and 10 spectral bands mentioned in Table 1 above. The team proceeded to conduct PCA on the vegetation indices and spectral bands for Sentinel-2 and Landsat-5 & 8 data before running the k-means with the dominant principal components, which significantly reduced the number of variables input into the algorithm and noise among the input data. See Figure 4 for a comparison of both cluster algorithm outputs using Sentinel-2 imagery.
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Figure 4. A comparison of Sentinel-2 MSI k-means cluster algorithms from June 13, 2022. Original k-means cluster algorithm with 8 vegetation indices and 10 spectral bands (left) cleans up significantly when replacing those 18 original variables with 8 dominant principal components (right). Note that legends were not produced for k-means maps due to the number of classes.

As the original intention was to use the k-means clusters to assess historical imagery, the team assessed the results of the k-means classification to gauge classifier accuracy. The team used a June 2022 Landsat-8 OLI image for this task, as Landsat was the only sensor that had performed long-term data collection. By using a contemporary image, the team visually inspected the imagery, and compared it to a high resolution PlanetScope RGB image and the results from the Landsat-8 OLI random forest classification and assessed its accuracy using the 2022-2023 validation point set. 

Through comparisons of the Planet imagery to the random forest results, the team was able to manually assign class values to the clusters and generate a confusion matrix for four classes using the validation set established for the random forest classification: the four categories included developed/bare, forest/shrub, grassland, and Russian thistle association. After reassigning classes, the Landsat-8 OLI 2022 classification had an overall accuracy of 67.67% (Table 2). The grassland category, which likely represented grasslands both partially and mostly composed of Lehmann’s lovegrass, had a low producer’s accuracy of 26.32%, as it was often misclassified as forest/shrub, but a higher consumer’s accuracy of 71.43%. The Russian thistle association category had 100% producers’ accuracy but 41.18% consumer’s accuracy, as it frequently misclassified forest/shrub and developed/bare points with Russian thistle. While these categories do not exactly match the classes used for the four class random forest classifications, these results indicate that k-means has the potential to identify the areas most impacted by invasive species spread and is particularly promising for historical analysis. See appendix E, Figure E1 for the comparison.

Table 2
Validation Accuracy for k-means Classifications
	Landsat 8
	Russian thistle
	Grassland
	Developed/Bare
	Forest/Shrub

	Producer’s Accuracy
	100%
	26.32%
	16.00%
	90.24%

	Consumer’s Accuracy
	41.18%
	71.43%
	80.00%
	71.15%



4.1.2 Random Forest Results
See Appendix E, Figures E2 and E3 for all random forest classification images. The random forest classifications had varying results by sensor: the most accurate sensor was Sentinel-2, with 75.94% overall accuracy for the four-class classifier and 63.91% accuracy for the 13-class version (Figure 5). Landsat-8 had the second highest overall accuracy, followed by NAIP, while PlanetScope was consistently the least accurate. All four sensors improved overall classification accuracy by over 10 percentage points upon condensing to a four-class classifier (Figure 5). 
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Figure 5. Overall accuracies of the four class and 13 class random forest classifications for Sentinel-2, PlanetScope, Landsat-8, and NAIP data. 

The team also compared the validation accuracy for individual categories across sensors; see Table 3 for data regarding invasive species, and appendix D tables D1-4 for all accuracy data. To produce these tables, the 13-class categories were condensed to reflect the same categorizations as the four-class version, so the developed category includes pixels classified as developed, asphalt, gravel, and rock outcrops. The native vegetation class includes native forest, shrubland, and wooded grassland shrubland. Partially invasive refers to grassland, shrub savanna, tree savanna, and wooded grassland shrubland associations that include some invasive vegetation; fully invasive refers to mostly or fully invasive grassland categories and Russian thistle. See Appendix F, Tables F1-4 for in-depth accuracy metrics.

Table 3
Invasive Plant Validation Accuracy for Random Forest Classifications
	
	Landsat-8
	Sentinel-2
	Planet
	NAIP

	13 Class Consumer
	70.00%
	66.67%
	41.67%
	63.75%

	13 Class Producer
	66.67%
	100.00%
	36.91%
	66.67%

	4 Class Consumer
	76.92%
	65.00%
	66.67%
	69.23%

	4 Class Producer
	76.92%
	100.00%
	30.77%
	69.23%



4.1.3 Buffer Analysis
The buffer analysis revealed that ~40% of the Russian thistle identified by Sentinel-2 MSI within CORO occurred within 50 meters of disturbed areas, and ~25% of the Russian thistle occurred specifically in proximity to border-related disturbance. This analysis, as well as the images in Figure 3, confirmed the team’s and CORO’s suspicions that Russian thistle spread has been encouraged by border construction activities. See Figure 6 to observe the full buffer analysis data.
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Figure 6. This analysis revealed the importance of restoring disturbed areas for invasive plant management. 

4.1.4 Historical Vegetation Health Analysis
As a supplement to the contemporary classification analyses, the team's historical vegetation health analysis confirmed that dramatic decreases in the park’s median MSAVI2 corresponded with historical events such as wildfires or border construction activities (Figure 7). Notable fires such as the Peak Fire of 1988 or the 2011 Monument Fire which burned large portions of the park’s acreage are clearly visible. Interestingly, after border wall construction began in 2019, the park’s MSAVI2 initially increased before decreasing again. 
[image: ]
Figure 7. Median MSAVI2 at Coronado National Memorial in June from 1986-2022. 
[bookmark: _Toc334198734]
4.1.5 Limitations
A primary limitation of our 13-class analysis was the uneven distribution of data in our training set. Ideally, there would be at least 30 points in each class; the classes that had fewer than 30 points included developed, invasive grassland, shrubland, native wooded grassland shrubland, asphalt, and gravel. While this impacted the 4-class classifier less, adding additional data would improve our comprehensive land cover classification.

[bookmark: _Int_DiyWN4wI]Our ability to analyze historical data was limited by Landsat’s relatively coarse spatial resolution, as it was the only sensor with historical data in the study area before 2007. The lack of available historical ground-truthed points posed an additional challenge to historical classifications. While the team had access to some exotics data from 1999-2001, for all other years the random forest results were limited by the use of contemporary training points. While for some categories (such as asphalt and rock) this practice was less impactful, it is a challenge for focusing on Russian thistle as it is an annual species. Hopefully this will be less of a concern moving forward, as this project's results can be used as baseline data. 

Our temporal data limitations also may have contributed to NAIP’s low accuracy, as the most recent available image was collected in 2019 and the random forest was trained on data points from 2022-2023. Interestingly, both NAIP and PlanetScope had lower accuracy for their random forest classifiers despite their incredibly fine spatial resolution. The team speculates that this result could be related to their lower spectral resolution compared to Sentinel-2 MSI and Landsat-8 OLI, as the additional spectral bands in those two datasets could contain important information to distinguish between plant species. Another possibility is that the higher spatial resolution datasets overfit their classifiers, since each pixel is approximately one shrub size, whereas Sentinel-2 and Landsat are better able to distinguish between patches. 

4.2 Future Work
The team recommends that future work compare the utility of other landcover classifiers such as MaxEnt and ISODATA with an explicit focus on invasive species detection, based on our literature review. Additionally, it would be prudent to calibrate NAIP data; while Sentinel-2, Landsat, and PlanetScope data were all scaled as part of initial processing, there is less available information about calibrating NAIP data. NAIP being aerial imagery, experiences less atmospheric interference, but would potentially benefit greatly from harmonization, as aerial collection methods lend themselves to varying digital numbers across a landscape and within a mosaicked image depending on the collection conditions. 

The team also recommends further work with the k-means classifier to improve accuracy. This research could involve generating more initial classes using the classifier or cluster-busting the invasive classes to improve Russian thistle and Lehmann’s lovegrass detection. It would be particularly prudent to explore the accuracy of NAIP and Landsat’s k-means classifications to determine this classifier's usefulness for historical analysis, since unsupervised classifications do not require training point inputs. NAIP’s k-means accuracy would be interesting to analyze, as NAIP produces higher resolution historical imagery. 

Furthermore, exploring the phenology of invasive versus native plants could be an interesting direction. We found from preliminary research that invasive plants and native plants tend to have different green-up and possibly brown-down times, especially following precipitation events or particularly rainy seasons. The team conducted random forest classifications with Sentinel-2 data for presumed green-up times in April, June, August, and September, but without corresponding ground-truth data, it is difficult to determine the efficacy of these identifiers.

Finally, this project may serve as a baseline for invasive species monitoring moving forward. If our partners at CORO collect sufficient data and improve upon our methods for years to come, they can track things like the spread of invasive plants and efficacy of restoration efforts, using 2023 as the first year in a time-series analysis.
[bookmark: _Toc334198735]
5. Conclusions
This research represents a foundation for a longer-term investigation of invasive species spread and vegetative change in the park. We have baseline data for 2022 and classifications with up to 75% accuracy. Now, the partners at CORO can continue to collect data to track invasives going forward. We showed that supervised classification can be a powerful tool to detect invasive species and hope that the partners continue to improve upon our methods.

The team also displayed the consequences of creating disturbance in fragile areas by visualizing the distribution of invasive plants throughout CORO. Our partners can integrate these initial findings in their requests for funding for restoration work. The team also identified a patch of Russian thistle common across all four classifiers, which the partners were previously unaware of, in the Northeast corner of the park. These findings will allow the partners to use Earth observation data to identify problem patches in more remote areas and deploy people on the ground to investigate sites.

[bookmark: _Toc334198736]Using this research and our results, the partners can begin prioritizing restoration sites by using the maps to identify problem areas throughout the park, especially those they might not have been aware of previously. This will ultimately help the NPS to return CORO to its state before border-wall construction began and to restore the native plants and animals that rely on this land. 
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7. Glossary
Bands – A band is a portion of the electromagnetic spectrum sensed by a satellite.
Borderlands – Territory at or near a border.
Classification (Supervised) – Based on training data, the Classification algorithm is a supervised 			learning technique used to categorize new observations.
Classification (Unsupervised) – The goal of unsupervised classification is to automatically segregate pixels 	of a remote sensing image into groups of similar spectral characters.
Cloud mask – To detect cloud and cloud shadow by using the difference reflectance values between clear 	pixels and cloud and cloud shadow contaminated pixels.
Clusters – The Classification of a set of observations into subsets (called clusters) so that observations in the 	same cluster are similar in some sense.
Confusion matrix – Visual representation of the difference between the actual and predicted classifications of a model. It is used to easily recognize how often a classification system mislabels one classification as another.
Consumer’s Accuracy – Also called reliability. The percentage of points classified in each class that are truly in that class.
Earth observations – Satellites and sensors that collect information about the Earth’s physical, chemical, and 	biological systems over space and time.
EVI – Enhanced Vegetation Index, used to quantify vegetation greenness. However, EVI corrects for 	some atmospheric conditions and canopy background noise and is more sensitive in areas with dense 	vegetation.
Fuel-load (for wildfire) – The total quantity of combustible contents of a building, space, or fire area, 	including interior finish and trim, expressed in heat units or the equivalent weight in wood.
Geodatabase – Is a database designed to store, query, and manipulate geographic information and spatial 	data.
Green-down – A seasonal period where plants lose their green foliage.
Green-up – A seasonal period where plants begin to sprout green foliage.
Intercorrelation – A mutual relationship or connection between two or more things.
Invasive species – Nonnative, exotic, alien, or non-indigenous species that are or have the potential to 	become successfully established or naturalized and spread into new localized natural habitats or 	ecoregions with the potential to cause economic or environmental harm.
Kappa coefficient – Indicates the extent of agreement between frequencies of two sets of data collected on 	two different occasions.
K-means – A tool that aims to partition data into k clusters, where data points in the same cluster are 	similar and data points in different clusters are less similar.
Landsat – A series of Earth-observing satellite missions managed jointly by NASA and the U.S. 		Geological Survey.
LiDAR – A detection system which works on the principle of radar but uses light from a laser.
Machine learning – The use and development of computer systems that learn and adapt without following 	explicit instructions, by using algorithms and statistical models to analyze and draw inferences from
patterns in data.
MaxEnt – A general-purpose method for making predictions or inferences from incomplete information.
Mitigation – The action of reducing the severity, seriousness, or painfulness of something.
MODIS – Moderate Resolution Imaging Spectroradiometer; an instrument aboard NASA’s Terra and Aqua 	satellites.
Monsoon – A shift in winds that often causes a very rainy season or a very dry season.
MSAVI-2 – Minimizes the effect of bare soil on the Soil Adjusted Vegetation Index. Used to detect uneven 
seed growth in a given area exposing the correlation between extreme weather and vegetation health.
NAIP – Aerial imagery acquired by the U.S. Department of Agriculture (USDA) during agricultural growing 	seasons in the conterminous U.S. (2003-present).
Native plant – Native plants have formed symbiotic relationships with native wildlife over thousands of 	years, and therefore, offer the most sustainable habitat.
NDMI – Normalized Difference Moisture Index; used to determine vegetation water content. It is calculated 	as a ratio between the NIR and SWIR values.
NDVI – Normalized Difference Vegetation Index; a spectral vegetation index using near infrared and 	shortwave infrared wavelengths to estimate vegetation moisture.
Phenology – The study of cyclic and seasonal natural phenomena, especially in relation to climate and plant 	and animal life.
PlanetScope – A constellation of approximately 130 satellites, able to image the entire land surface of 	the Earth every day (a daily collection capacity of 200 million km (about 124274238.45			mi)²/day). PlanetScope images are approximately 3 meters per pixel resolution.
Principal Component Analysis – A statistical procedure that allows you to summarize informational 	content in large data tables by means of a smaller set of “summary indices” that can be more 	easily visualized and analyzed.
Producer’s Accuracy – The percentage of correctly classified points in each class.
Projection – The way a coordinate system and data are transformed in order to display on a flat surface, such as a piece of paper or a digital screen. Mathematical calculations are used to convert the coordinate system used on the curved surface of earth to one for a flat surface.
Random Forest – The random forest algorithm is made up of a collection of decision trees, and each tree in 	the ensemble is comprised of a data sample drawn from a training set with replacement.
Resubstitution Error – The difference between the actual and predicted values of the input training data for a random forest classifier.
Remotely-sensed Data – The process of detecting and monitoring the physical characteristics of an area by 	measuring its reflected and emitted radiation from a distance (typically from a satellite or an aircraft).
Sentinel-2 – A European wide-swath, high-resolution, multi-spectral imaging mission. The full mission specification of the twin satellites flying in the same orbit but phased at 180°, is designed to give a high revisit frequency of 5 days at the Equator.
Shapefile – A vector data storage format for storing the location, shape, and attributes of geographic 	features; a layer file.
Tasseled Cap Brightness – The conversion of the readings in a set of channels into composite values.
Tasseled Cap Greenness – The highest greenness values represent healthy vegetated area in a tasseled cap 	image.
Tasseled Cap Wetness – An index calculation that contrasts the sum of the visible and near-infrared bands with the sum of the shortwave infrared bands.
Time-series – A collection of observations of well-defined data items obtained through repeated measurements over time.
Training Points – Ground truthed data provided by project partners to aid the team in completing a 	supervised classification.
Validation – The process of using formal methods to evaluate a system or software component to 	 	determine whether it functions as expected and achieves the intended results.
Vegetation Indices – A tool that allows the calculation of a statistic using spectral reflectance data that conveys information about an area’s vegetation.
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9. Appendices
Appendix A
Table A1
List of Partner-provided Datasets
	Data Product
	Description
	Dates Collected
	Acquisition Method

	Training Sample Polygons & Training Sample Points
	Points and polygons denoting landcover classes in CORO
	January – February 2022
	Collected on the ground by NPS

	CORO Exotics
	Points denoting non-native plant instances in CORO
	1999 – 2001 
	Collected on the ground

	CORO 2009 & 2020 Social Trails & Unauthorized Trail Intersections
	Lines denoting social trails in CORO in 2009 (pre-border wall) and 2020 (post-border wall)
Points denoting unauthorized trails intersecting official roads
	July – August 2022 

	2009 trails tracked on the ground using GPS
2020 trails digitized from Google Earth Pro imagery
Volunteers recorded points of obvious trail intersection

	CORO Border Road
	Line depicting border construction road
	N/A
	N/A

	CORO Boundary
	Shapefile with CORO boundary
	N/A
	N/A

	CORO Roads & Trails
	Lines denoting official roads and trails
	1996 – 1998 
	Collected using GPS



Table A2
List of Remotely-sensed Datasets 
	Platform and Sensor
	Data Product
	Spatial Resolution
	Dates

	Landsat 5 TM
	NASA Landsat 5 Thematic Mapper Collection 2 Level-2 Tier 1 Surface Reflectance
	30 meters
	April – October, 1988–2011

	Landsat 8 OLI
	NASA Landsat 8 Operational Land Imager and Thermal Infrared Sensor Collection 2 Level-2 Tier 1 Surface Reflectance
	30 meters
	April – October, 2013–2022

	Sentinel-2 MSI
	Copernicus Harmonized Sentinel-2 Multispectral Instrument Level 2A
	10-20 meters
	April – October, 2019–2022 

	National Agriculture Imagery Program

	“Leaf-on" aerial imagery of the contiguous United States
	0.6-1 meter
	 June – September, 2007, 2010, 2013, 2015, 2017, 2019

	Harmonized Landsat 8 OLI and Sentinel-2 MSI
	Multi-Source Land Surface Phenology (MSLSP) Yearly North America Version 1.1
	10-30 meters
	One yearly image from
2016 – 2019

	PlanetScope

	PlanetScope Basic Scene Level 1B, Surface Reflectance Product 
	3.25 meters
	April – June, 2017–2022 & 
July – September, 2016–2022














































Appendix B
Table B1
49 to 13 Class Values
	Vegetation Community or Rock Outcrop Name
	Invasive Presence/Absence
	Condensed Class
	Remapped Classification Value

	Developed
	–
	Developed
	1

	Aridic Ustifluvents-Riverwash complex
	–
	Rock Outcrop
	2

	Budlamp-Kinockity-Rock outcrop complex
	–
	Rock Outcrop
	2

	Canquya-Rock outcrop complex
	–
	Rock Outcrop
	2

	Canquya-Rock outcrop complex, warm
	–
	Rock Outcrop
	2

	Canquya-Zaleska-Morimount complex
	–
	Rock Outcrop
	2

	Coppercan-Canquya complex
	–
	Rock Outcrop
	2

	Coppercan-Yarbam-Rock outcrop complex
	–
	Rock Outcrop
	2

	Guaynaka-Costavar-Rock outcrop complex
	–
	Rock Outcrop
	2

	Yarbam-Rock outcrop-Morimount complex
	–
	Rock Outcrop
	2

	(Palmer's Agave - Catclaw Mimosa) / Mixed Perennial Grass (Fairyduster) Herbaceous Association (P)
	Partially Invasive
	Grassland (partially invasive)
	3

	(Velvet Mesquite - Desertbroom) / Lehmann Lovegrass Herbaceous Association (P)
	Mostly Invasive
	Grassland (mostly/fully invasive)
	4

	Mostly Lehmann's Lovegrass
	Invasive
	Grassland (mostly/fully invasive)
	4

	Common Sotol / Sideoats Grama - Tanglehead Shrubland Association (P)
	Partially Invasive
	Shrub Savanna (partially invasive)
	5

	[Wright's Beebush - Tahitian Kidneywood] / Mixed Perennial Grass Shrub Savanna and Shrubland Association (P)
	Partially Invasive
	Shrub Savanna (partially invasive)
	5

	(Oak) / [Evergreen Sumac - Wright's Silktassel - Tahitian Kidneywood - Wright's Beebush] Intermittently Flooded Shrubland Association (P)
	Native
	Shrubland (native)
	6

	Arizona White Oak - Silverleaf Oak Shrubland Association (P)
	Native
	Shrubland (native)
	6

	Border Pinyon (Emory Oak) / (Toumey Oak) / Mixed Perennial Grass Woodland and Wooded Shrubland Association (P)
	Native
	Wooded Grassland Shrubland (native)
	7

	Emory Oak / Pointleaf Manzanita / Mixed Perennial Grass Wooded Shrubland Association (P)
	Partially Invasive
	Wooded Grassland Shrubland (partially invasive)
	8

	Emory Oak / Mixed Shrub Intermittently Flooded Tree Savanna Association (P)
	Partially Invasive
	Tree Savanna (partially invasive)
	9

	Mexican Blue Oak / Mixed Perennial Grass Tree Savanna Association (P)
	Partially Invasive
	Tree Savanna (partially invasive)
	9

	Emory Oak / Mixed Perennial Grass Tree Savanna Association (P)
	Partially Invasive
	Tree Savanna (partially invasive)
	9

	Pine (Border Pinyon - Mexican Pinyon) / Arizona White Oak / Bullgrass Woodland Association
	Native
	Forest (native)
	10

	Arizona White Oak - Emory Oak Intermittently Flooded Woodland Association (P)
	Native
	Forest (native)
	10

	Emory Oak / Sideoats Grama Scrub Woodland Association
	Native
	Forest (native)
	10

	Arizona White Oak - Emory Oak / Mixed Perennial Grass Woodland Association (P)
	Native
	Forest (native)
	10

	Asphalt
	–
	Asphalt
	11

	Gravel
	–
	Gravel
	12

	Russian Thistle
	Invasive
	Russian Thistle (mostly/fully invasive)
	13





Table B2
13 to 4 Class Values
	Condensed Class
	Remapped Classification Value
	Previous Class Value

	Developed/ Rock Outcrop/ Bare Earth
	1
	1, 2, 11, 12

	Native Vegetation
	2
	5, 6, 7, 9, 10

	Partially Invasive Vegetation
	3
	3, 8

	Fully Invasive Vegetation
	4
	4, 13


Appendix C

Table C
Index Calculations
	Index
	Equation
	Purpose and Reference

	NDVI
	

	Detection of live green vegetation (Kriegler et al., 1969)

	EVI
	
	Detection of live green vegetation with improved sensitivity in high biomass areas and the ability to eliminate background/atmospheric noise and reduce saturation (Huete et al., 2002)

	MSAVI2
	
	Soil-adjusted detection of vegetation in arid areas (Qi et al., 1994)

	NDMI
	
	Detection of changes in water content in leaves (Gao, 1996)

	TCB
	
	Representation of brightness (Kauth & Thomas, 1976; Shi & Xu, 2019)

	TCW
	
	Representation of wetness (Kauth & Thomas, 1976; Shi & Xu, 2019)

	TCG
	
	Representation of greenness (Kauth & Thomas, 1976; Shi & Xu, 2019)
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Appendix D
Table D1
Landsat-8 Random Forest Validation Accuracy
	
	Fully Invasive
	Partially Invasive
	Native
	Developed

	13 Class Consumer
	70.00%
	72.92%
	60.97%
	58.90%

	13 Class Producer
	66.67%
	83.92%
	53.02%
	53.98%

	4 Class Consumer
	76.92%
	76.00%
	78.21%
	58.82%

	4 Class Producer
	76.92%
	79.17%
	85.92%
	40.00%



Table D2
Sentinel-2 Random Forest Validation Accuracy
	
	Fully Invasive
	Partially Invasive
	Native
	Developed

	13 Class Consumer
	66.67%
	81.67%
	63.21%
	39.58%

	13 Class Producer
	100.00%
	74.83%
	73.00%
	37.02%

	4 Class Consumer
	65.00%
	88.89%
	79.52%
	50.00%

	4 Class Producer
	100.00%
	66.67%
	92.96%
	24.00%



Table D3
NAIP Random Forest Validation Accuracy
	
	Fully Invasive
	Partially Invasive
	Native
	Developed

	13 Class Consumer
	63.75%
	63.13%
	69.13%
	31.49%

	13 Class Producer
	66.67%
	70.98%
	58.29%
	32.83%

	4 Class Consumer
	69.23%
	59.26%
	76.00%
	66.67%

	4 Class Producer
	69.23%
	66.67%
	80.28%
	48.00%



Table D4
Planet Random Forest Validation Accuracy
	
	Fully Invasive
	Partially Invasive
	Native
	Developed

	13 Class Consumer
	41.67%
	48.96%
	32.10%
	20.98%

	13 Class Producer
	36.91%
	57.34%
	37.78%
	19.78%

	4 Class Consumer
	66.67%
	47.37%
	67.02%
	64.29%

	4 Class Producer
	30.77%
	37.50%
	88.73%
	36.00%
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Figure E1. Original Landsat 8 k-means on the left and reclassified k-means on the right, for comparison.
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Figure E2. 13-class random forest images left to right. Includes copyrighted material of Planet Labs PBC. All rights reserved.
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Figure E3. 4-class random forest images. Includes copyrighted material of Planet Labs PBC. All rights reserved.


Appendix F

Table F1a
Landsat 13 Class Confusion Matrix
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Table F1b
Landsat 4 Class Confusion Matrix
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Table F2a
Sentinel 13 Class Confusion Matrix
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Table F2b
Sentinel 4 Class Confusion Matrix
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Table F3a
Planet 13 Class Confusion Matrix
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Table F3b
Planet 4 Class Confusion Matrix
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Table F4a
NAIP 13 Class Confusion Matrix
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Table F4b
NAIP 4 Class Confusion Matrix
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