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Introduction 
Project Purpose 

Green Drone AZ (GDAZ) is a collaboration between Northern Arizona University, 

EcoCulture, the Tonto National Forest, Arizona State University, the National Forest Foundation, 

the Boeing Company, the Arconic Foundation, the Audubon Southwest, and the Maricopa County 

Superintendent's Office. Through this collaboration, GDAZ operates under the umbrella of an 

ongoing restoration project, the Lower Salt River Restoration Project (LSRRP), to monitor areas 

affected by wildfire. The LSRRP has a long-term goal of restoring over 11 miles of degraded 

riparian ecosystem affected by invasive species establishment and wildfire (Figure 1). The LSRRP 

aims to restore the area by reducing invasive species, reestablishing native species abundance 

and diversity, reducing fuel loading, and providing healthy water quality, which allows for 

improved riparian habitat for wildlife and recreationists alike.  

 

 

 

 

 

 

 

 

 

 

Figure 1. LSRRP aims to restore 11 miles of the Lower Salt River (LSR) along the Lower Salt River Recreation 
Area, from Stewart Mountain Dam to Granite Reef Dam. Our project site will focus on the western region 
of the of LSR Recreation Area. (ESRI World Imagery) . 
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Objectives 

This project aims to build upon monitoring protocols on the LSRRP using Unmanned 

Aircraft System, vehicle (UAS) imagery and Geographic Information Systems (GIS) to perform a 

large-scale analysis of the riparian corridor surrounding the Salt River. Similar opportunities have 

been implemented using remote sensing via UASs or more commonly known as drones, in the 

past year. As traditional on-the-ground monitoring can be costly and time-consuming, UAS data 

collection has allowed for the mapping of plant species, vegetation growth, and the ability to 

prescribe treatment locations for nonnative, invasive species efficiently and visually. Data 

collected and analyzed on the Lower Salt River will aid in refined management of the LSRRP and 

act as a case study for further restoration and management practices within the arid southwest. 

Our project will build upon a rich history of previous MAS-GIS capstone work related to 

conservation along the Lower Salt River. The first of these was completed in 2018 by Justin 

Eddinger, former GIS & Natural Resource Specialist with the USDA Forest Service. Mr. Eddinger 

created the initial inventory of native and invasive vegetation communities used to facilitate the 

restoration management of the LSRRP. In 2020, GDAZ employed its first cohort of interns from 

the MAS-GIS program to provide a creative space each year for graduate students to perform GIS 

analyses related to the project.  Our Capstone builds on methods utilized by last year's interns to 

improve vegetation classification and provide an updated inventory of vegetation species within 

the study area.  

Aside from data collection and long-term monitoring, another primary objective of our 

project was assisting GDAZ with its commitment to community outreach and public engagement. 

GDAZ manages an educational outreach program designed to teach middle and high school 
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students how UASs and GIS are utilized in natural resource management. To assist in this effort, 

developing remote sensing and GIS-based teaching modules for middle and high school students 

and educators, and developing a GIS-based educator recruitment tool, is imperative to producing 

a streamlined approach for management to target educators across Maricopa County. Educators 

will utilize these resources to teach the basic concepts of GIS and remote sensing to their students 

while providing a real-world example of what can be 

done right in their backyard here in Arizona.  

Background 
The Lower Salt River Restoration Project 

In 2017, the Cactus Fire burned over 800-acres 

of riparian and Sonoran Desert habitat along the Lower 

Salt River (InciWeb, 2017), disregarding typical wildfire 

characteristics of the desert southwest. Nonnative 

vegetation such as tamarisk "salt cedar" (Tamarix spp.) 

and giant reed (Arundo donax) provided a dense and 

abundant fuel source for the fire to burn the landscape 

severely and rapidly. Due to the spread of these hardy vegetation species, native species have 

been slowly pushed from the area, modifying the normal burn behavior of desert shrubland (Fish, 

2019). In 2018, the LSRRP was launched to restore the landscape within the burn scar, curb any 

future development of invasive species and develop means for native species to flourish.  

In tandem with removing and treating invasive species, LSRRP aims to increase the 

abundance and diversity of native plant species within the project area (Figure. 2). As of March 

Figure 2. Project Site along the LSR. (ESRI World 
Imagery 2021) 
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2021, the LSRRP has treated approximately 170 acres within the 11-mile corridor of the Lower 

Salt River (Forest, 2020). Phases I & II have used active and passive forms of revegetation on the 

project site, including planting native species and encouraging natural recruitment by removing 

competition from nonnative plant species. Phase III of this effort will commence in Fall 2021 and 

extent management practices to an additional 100 acres of riparian habitat.  

Green Drone AZ 

GDAZ was launched under the umbrella of the LSRRP in early 2020. GDAZ, with the help 

of its partners, works to engage students and the community in STEM-focused educational 

activities to address real-world problems while also educating the public on community-level 

environmental issues (Arizona, 2020). As technological advancements are incorporated into 

everyday life, GIS and UASs move more into the spotlight and increase environmental monitoring 

initiatives (Padro, Munoz, Planas, & Pons, 2019). GDAZ provided the LSRRP with an opportunity 

to utilize UAS technology and GIS, as highlighted in the technical reports finished in 2020 (Cleaver 

& Perez, 2020) and (Kedia, et al., 2021). GDAZ plans to continue to use cutting-edge technology 

to support the LSRRP while engaging with youth and the local community. 

Funding for these endeavors comes from the over-arching belief in the interdisciplinary 

use of aviation technology and GIS. As GDAZ continues to use this technology, education and 

public engagement are critical in supporting the growing usage of drones in environmental 

restoration. STEM-related knowledge and experience drive the work behind GDAZ and the LSRRP. 

It is vital to promote and explore possibilities that foster real-world decision-making to solve 

community problems Arizona faces (Arizona, 2020). 
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Project Overview 

The primary goal of this project was to systematically inventory and map vegetation 

species throughout the project site. This was accomplished through the combination of a GIS 

workflow, and drone collected imagery. UAS surveys are becoming increasingly popular among 

researchers to overcome budgetary and staffing constraints to ensure efficient data collection. 

In comparison, ground-based surveys can take multiple days to complete, are open to human 

error, and potentially endanger data collectors. In contrast, a drone can complete aerial surveys 

within hours compared to surveys by foot and maintain safety and project protocol by keeping 

staff out of a potentially dangerous area and allow staff to work remotely then directly in a 

potentially hazardous situation. This unique approach gives GDAZ the information needed to 

quantify and address the effects of vegetation treatment. This will also allow management to 

structure future endeavors and create meaningful site management along the Lower Salt River 

(LSR). In addition to technical analysis, this project will produce educational material that will 

help cultivate the next generation of GIS users. By refining the methodology and workflow of 

sitewide classification and developing educational outreach material, the goal is to help GDAZ 

succeed with future management practices and solidify a foundation for future work based on 

the success of prior capstones. 

While two previous GDAZ capstone projects addressed the goal of vegetation 

classification and built a successful foundation for this analysis, their results were not found to 

be highly accurate. Through their observations, the team believed this resulted from two possible 

reasons. First, multiple plant species within the project site have similar light reflectance values 

and were ambiguous in ascertaining individual plant species. Second, the uneven distribution of 
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training samples used in the classification model resulted in a high level of accuracy based on the 

samples. Still, low vegetation classification accuracy may not be representative across the entire 

project site. Additional analysis was able to determine that adding structural data such as digital 

terrain models (DTM) and incorporating a canopy height model (CHM) increased the overall 

accuracy of the classification model from 80 to 93% compared to only using a spectral-only model 

of analysis (Kedia, et al., 2021).  

Along with ground-based efforts, GDAZ maintains a mission of community outreach and 

public engagement; developing a GIS web application targeting educators in underserved school 

systems throughout the Phoenix metropolitan is beneficial for program success. The web 

application will also serve as an example of how GIS can be used within the community and has 

proved vital in garnering stakeholder and public engagement. A significant hurdle to program 

development has been targeting educators in STEM (Science, Technology, Engineering, and 

Math) and solidifying meaningful communication with them about the opportunity to engage 

with GDAZ directly. Through the web application, GDAZ hopes to mitigate these communication 

issues in a way that is engaging to management and project partners, easy to use, and efficient 

in getting management the opportunity to engage the stakeholders about the work GDAZ is 

doing. 

Creating new educational modules for the 2020-2021 and 2021-2022 academic years for 

middle school and high school participants will assist with STEM concept education. Producing 

high-quality and engaging content that students in underserved populations may otherwise not 

experience would greatly benefit from these endeavors. Education plays a vital role in teaching 

students about protecting the environment by raising awareness, bridging the gap between 
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multiple STEM disciplines, and emphasizing GIS and UASs' potential uses to solve real-world 

problems. Through this educational initiative, students can learn about GIS and remote sensing 

through the lens of work being done in the LSSRP. The students can engage in hands-on learning 

that reinforces the content of the modules and allows them to apply their new skills. 

Methodology & Workflow 
Ground Control Points (GCPs) 

Established ground control points (GCP) allow for imagery processing through 

georeferencing (the assignment of geo-coordinates to raster pixels) and are necessary for spatial 

accuracy (Hackeloeer, 2014). GDAZ utilizes GCPs to georeference drone imagery captured within 

the LSRRP area. GCP coordinates were collected in September 2020 using a Trimble Geo 7X GPS 

unit with a GNSS receiver. A total of 38 GCPs were placed in locations throughout the project site 

that were free of canopy cover and varied in elevation for increased visibility and topographic 

structure (Map 1: GCPs). The location, distribution, and number of GCPs throughout the site 

changed from the prior year's work. This increase and relocation took place after approximately 

200 additional acres were added to the project site. Initial surveys took place in early March 2021 

to ensure that GCPs were intact and readily visible from imagery. Several GCPs were removed 

entirely or moved several feet from their surveyed location. This human and wildlife interference 

resulted in the removal of select GCPs from the analysis. Quality reports were generated upon 

removal of altered GCPs to confirm that their reduction did not skew image processing results to 

ensure quality control. 
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Data Collection 

GDAZ conducted aerial surveys in the early spring of 2021 using the DJI Phantom 4 Pro 

(P4P) and WingtraOne UAS platforms. These drones allow for efficient data collection within 

small project areas and are attractive due to their high accuracy imagery and efficient collection 

times. The imagery was collected in two phases, using a DJI Phantom 4 Pro (DJI P4P) for phase one 

and a WingtraOne for the second set of surveys. During the first phase of collection, digital imagery 

was captured to examine the physical characteristics of the project site in the form of basic imagery 

using a red, green, and blue (RGB) sensor. This allowed for observation of the project site, the creation 

of maps, the production of GIS shape features, and assisted in identifying vegetation at a high level 

of accuracy. The WingtraOne system was used to collect five individual bands of light, including red, 

green, blue, near-infrared, and red edge (Table 1). These bands were collected using a MicaSense 

RedEdge-MX camera with five separate sensors. This dataset allowed for the creation of DEMs, 

orthomosaic, raster composite, indices, and reference layers used in the analysis. 

Table 1. Drone Specifications 

  DJI Phantom 4 Pro (P4P) WingtraOne  

Lens Specification: 

Focal Length 8.8mm 5.5mm 

Sensor Type 1" CMOS Imagery Sensor 5 Ind. Custom Sensors  

Sensor Width 13.2mm 4.8mm 

Field of View 84° 47.2° 

Effective Pixels 20MP 1.2MP x 5 Sensors 

Flight Parameters: 

Area of Interest 380ac 380ac 

Altitude (AGL) 76.2m 110m 

Frontal Overlap 90% 70% 

Side Overlap 80% 70% 

Gimbal Angle 90° 90° 

Shutter Interval 1 second 1 second 

Estimate Resolution 2.14cm/px 7.5cm/px 

Images Collected 9,766 16,624 
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The DJI P4P captured RGB imagery across the entire project site. The flight altitude was 76.2 

meters above ground level (AGL), and the gimbal angle was perpendicular to the ground surface at 

90°. The imagery frontal overlaps were 90%, side overlap was 80%, and images were captured every 

second with an estimated image resolution of 2.14cm/pixel. A total of 9,776 photos were collected 

during the surveys. For the P4P, an operating system called Drone Deploy was used to autonomously 

program these flight parameters and fly the drone across the project site.  

Secondary surveys using the WingtraOne system collected red, blue, green, red-edge, and 

near-infrared (NIR) light bandwidths. Parameters for this flight included a flight altitude of 110 meters 

AGL with a gimbal angle perpendicular to the ground surface at 90°, a frontal overlap of 70%, and a 

side overlap of 70%, with images captured approximately every one second with an image resolution 

of 8.25cm/pixel. A total of 16,624 images were collected after the survey, including calibration 

imagery. Both systems produced data at different altitudes and overlap based on available 

technology and environmental factors such as weather. All collected imagery was stored on SD 

memory cards inserted into each drone and then transferred to a computer for processing.  

Initial Imagery Processing 

Pix4D is a professional photogrammetry software used to create point clouds, digital 

elevation models, and orthomosaics. Within Pix4D, the output imagery coordinate system for the 

site was set to NAD 83 (2011) UTM Zone 12 North. Critical points between images that match one 

another, called tie points, were identified to help mesh imagery and eliminate errors. These are areas 

of identifiable feature or high contrast, such as the GCP monument, road lines, buildings, etc.  

After the initial process, an excel file (.csv) of the ground control points (Map 1: GCPs) were 

imported and marked in the photos to improve locational accuracy. The imagery was then 

orthorectified to minimize geolocation. Once imagery was calibrated, additional products such as a 
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densified point cloud were produced. The point cloud takes the X, Y, and Z coordinates and 

reconstructs them into a 3D model for an enhanced application in the form of a 3D mesh. This 

additional point cloud was used to generate the Digital Terrain Model (DTM), the Digital Surface 

Model (DSM), and the orthomosaic imagery. The same workflow was used to create the WingtraOne 

multispectral data point cloud, DTM, and DSM. The individual wavelength data collected from the 

multispectral surveys were then used to create indices and additional reference material such as the 

structural components of the model like the Canopy Height Model (CHM) and flow accumulation 

model.  

In the past, GDAZ utilized a DJI Phantom 4 multispectral to collect multispectral imagery 

across the project site. This platform proved time-consuming and required at least one week to 

thoroughly survey the expanded project area. Due to the increase in project size, this platform 

was not feasible for multispectral data collection.  Through collaboration with the School of 

Geographical Sciences and Urban Planning and the Geospatial Research Solutions center at 

Arizona State University, GDAZ utilized ASU's WingtraOne and pilot Craig Turner to collect 

multispectral imagery for the entire site. These changes reduced imagery collection time from 

several days to one day. This is beneficial as it reduced the variance across the project site, such 

as phenological changes in plants, cloud cover, and lighting that can occur over a week. 

Photo Vouchers – Training Samples 

Personal cellular devices and ESRI Field Maps software were utilized when completing 

vegetation surveys to document invasive and native species throughout the project site. ESRI 

Field Maps allows for imagery collection and geotagging imagery with coordinates of the target 

feature. Field Maps also allow users to quickly record the location, species, and pertinent 
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information of specific stands of vegetation and areas of interest throughout the project site, 

such as new species distribution or burn scarring from past wildfires. This reference data 

collection allows for quick quality control or "QC" for areas indistinguishable by aerial imagery 

and establishes an even distribution of training samples needed in the classification model (Map 

3: Photo Vouchers). 

The photo vouchered coordinates of verified vegetation were turned into polygons from 

point features to construct a classification schema. A total of 347 plant points across the project 

site were transcribed into polygons to capture all pixels that make up each plant's distinct shape 

and spectral signature. Training samples were compiled and converted to polygons representing 

15 different species of vegetation. As previous work detailed (Kedia, et al., 2021) several species 

on the project site have very similar spectral values. As a result, a more general approach was 

implemented to assign a classification to vegetation in the form of generic lifeform subtypes. 

Using lifeforms such as trees, shrubs, grass, or forb, we can generalize the classification schema 

and categorize data into a more straightforward classification based on general attributes of the 

vegetation (Map 4: Training Samples). 

GIS Data Processing 

UAS technology is a relatively new technology in the field of environmental restoration 

and is the basis of the GDAZ program and has been increasingly used in restoration and site-

specific analysis over the last few decades. This data is imperative for GDAZ to make sound 

restoration decisions due to budget constraints, staff availability, and the need for efficient and 

timely data collection throughout a large and complex project site. Esri's ArcGIS Pro is the 

industry standard for GIS software and is ideal for its ability to perform high levels of analysis and 
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streamlined ability to distribute GIS data. A combination of simplistic map creation using ArcMap 

Desktop and ArcGIS Pro is used to create products of this Capstone.  

Multispectral data collected from the WingtraOne was extracted, clipped, and 

composited into an orthomosaic imagery dataset to overview the project and digitize training 

samples. Using ArcGIS Pro, segmented imagery was developed for classification. Segmented 

imagery can be used in certain types of image classification. The process of segmenting identifies 

contiguous groups of spectrally similar pixels. Our multispectral dataset was refined from a 32-

bit raster into an 8-bit three-band raster for analysis at a pixel size of 8.24cm2. Research done by 

previous interns determined a "raster stack" containing multiple spectral bands, indices, and 

structural layers gave the best results in classification (Kedia, et al., 2021). The same approach 

was taken to develop a reference raster dataset that contained 15 raster layers and entailed 

indices created using ArcGIS Pro's raster calculator to develop additional raster datasets used in 

classification (Figure 3). Data were composited into a 32-bit, 15-layer raster dataset made up of 

individual color bands and indices layers, which was used as the reference layer for additional 

decision making.  
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Data Analysis 

Fifteen raster layers, including the five individual color band rasters from the multispectral 

dataset, were exported and stored within the final file geodatabase. Each raster dataset has been 

utilized towards the project's deliverables of an updated plant inventory by eliminating areas of 

distortion, correcting for soil, moisture content, tree canopy, etc. All figures referenced in this 

report were developed using these raster datasets—with supplemental vector datasets—found 

within the final project geodatabase. Layers used in the reference stack for additional 

classification definition are contained as individual layers within the project geodatabase, 

Figure 3. Processing of initial multispectral data into composite dataset, indices and structural data used for analysis. 
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different indices equated in different formulas that allow for other imagery characteristics to be 

viable for analysis (Table 2). 

       Table 2. Imagery Analysis Calculations 

 

Imagery Analysis and Indices 

Orthomosaic 

An orthomosaic is a large, ortho-rectified aerial photo made of many smaller images 

stitched together (Skymatics, n.d.). Orthomosaics provide accurate locations on the image, and 

Raster File(s) Light Spectrums Used 

Orthomosaic Red / Green / Blue/NIR/RE 

Normalized Difference Vegetation Index (NDVI) 
𝑁𝐷𝑉𝐼 =  

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
 

Normalized Difference Vegetation Index Red Edge 

(NDRE) 
𝑁𝐷𝑅𝐸 =  

(𝑁𝐼𝑅 − 𝑅𝐸)

(𝑁𝐼𝑅 + 𝑅𝐸)
 

Enhanced Normalized Difference Vegetation Index 

(ENDVI) 
𝐸𝑁𝐷𝑉𝐼 =  

(𝑁𝐼𝑅 +  𝐺𝑟𝑒𝑒𝑛) −  (2 𝑥 𝐵𝑙𝑢𝑒)

(𝑁𝐼𝑅 + 𝐺𝑟𝑒𝑒𝑛) + (2 𝑥 𝐵𝑙𝑢𝑒)
 

2-Band Enhanced Vegetation Index (EVI2) 
𝐸𝑉𝐼2 =  

(𝑁𝐼𝑅 − 𝑅𝐸)

(𝑁𝐼𝑅 + 𝑅𝐸)
 

Green Normalized Difference Vegetation Index 

(GNDVI) 
𝐺𝑁𝐷𝑉𝐼 =  

(𝑅𝑒𝑑 − 𝑁𝐼𝑅)

(𝑁𝐼𝑅 + 𝐺𝑟𝑒𝑒𝑛)
 

Normalized Difference Salinity Index (NDSI) 
𝑁𝐷𝑆𝐼 =  

(𝑅𝑒𝑑 − 𝑁𝐼𝑅)

(𝑅𝑒𝑑 + 𝑁𝐼𝑅)
 

Normalized Difference Water Index (NDWI) 
𝑁𝐷𝑊𝐼 =  

(𝐺𝑟𝑒𝑒𝑛 − 𝑁𝐼𝑅)

(𝐺𝑟𝑒𝑒𝑛 + 𝑁𝐼𝑅)
 

Soil Adjusted Vegetation Index (SAVI) 
𝑆𝐴𝑉𝐼 = 2.5 

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 2.4 ∗ 𝑅𝑒𝑑 + 1)
 

Canopy Height Model (CHM) 𝐶𝐻𝑀 = 𝐷𝑆𝑀 − 𝐷𝑇𝑀 
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it is possible to measure distances (Skymatics, n.d.) Imagery across the project site was collected 

at a scale of 2.14cm2 per pixel. The orthomosaic imagery collected by the P4P was used as a 

reference image to help create the training samples for specific vegetation species (Map 2: 

Project Site Orthomosaic). The orthomosaic provided the most prominent open area along the 

LSR and provided a high-resolution image while zoomed in to collect only necessary vegetation 

pixels such as the crown of a tree or specific shape of road infrastructure. 

Multispectral 

Red, Green & Blue 

Red, green, and blue wavelengths are part of the visible light section of the 

electromagnetic spectrum. These colors are visible to the naked human eye. The blue wavelength 

is the shortest of the three, and the red wavelength is the longest. These bands are used when 

creating natural or true-color imagery. The red, green, and blue bands were included in the 

composite image (Map 5: Segmentation). In index creation (Map 6: Indices and Structural Data). 

Multiple different band combinations were used to help create each index used in the analysis.  

Near-Infrared & Red Edge 

NIR is a band commonly used to detect healthy vegetation because of vegetation's high 

reflectance in these wavelengths (Lillesand, Kiefer, & Chipman, 2015). The high reflectance of 

foliage and low reflectance of water in the NIR spectrum allow those two classes to be separated 

(Lillesand, Kiefer, & Chipman, 2015). The wavelength of NIR ranges from 750 nm to 2500 nm. The 

NIR band was utilized in multiple indices in our classification (Map 6: Indices and Structural Data). 

Red edge is the transition between the low reflectance and high absorption of red light by 

vegetation and the high reflectance and low absorption of near-infrared light by vegetation 



16 

` 

(Lillesand, Kiefer, & Chipman, 2015). Different plant species reflect light differently,  making it 

easier to decipher between species (Lillesand, Kiefer, & Chipman, 2015). Also, in the red edge, 

plant stresses, such as water limitations, start to alter the reflectance making it suitable for 

vegetation stress detection (Lillesand, Kiefer, & Chipman, 2015). The increase in vegetation 

reflectance helps detect the vegetation in an index (Map 6: Indices and Structural Data). 

Structural Data 

DTM/Flow 

A DTM represents the bare ground elevation without any buildings, vegetation, and other 

objects (Wasser, 2020) and was the main component used when creating the CHM (Figure 4) 

(Wasser, 2020). DTMs are used for the development of slope models and the analysis of 

topography. An essential use of the DTM model is developing a flow model to construct a 

visualization of areas where water will flow and accumulate, representing areas of flows that are 

beneficial to the classification by assisting in defining waterbody shape. Hydrological tools 

available in ArcGIS Pro such as Flow Direction and Flow Accumulation reference data from the 

DTM to determine flow path and saturation areas based on the data within the DTM (Map 6: 

Indices and Structural Data). 

CHM/DEM 

CHM and Digital Elevation Models (DEM) are created by subtracting the Digital Surface 

Model, which is the elevation of all objects on the ground, including buildings, vegetation, etc., 

from the DTM to get the height of objects on the ground (Wasser, 2020). When incorporated in 

a classification model, it helps increase the accuracy of the results by supplying enhanced shape 
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and definition to classes such as mesquite and cottonwoods trees (Map 6: Indices and Structural 

Data) ((Kedia, et al., 2020).  

 

Vegetation Indices 

Normalized Difference Vegetation Index (NDVI) 

Normalized Difference Vegetation Index (NDVI) measures vegetation's greenness or 

health using the red and NIR bands (GISGeography, 2021). NDVI values range from -1 to 1, with 

higher values meaning the healthier and greener the vegetation is (GISGeography, 2021). The 

reflectance of vegetation is based on the chlorophyll in plant leaves (GISGeography, 2021). Using 

the plant's health via the increased chlorophyll content correlates with higher reflectance, helps 

pull additional detail, and makes the shape more distinct when used in our classification process 

(Map 6: Indices and Structural Data). 

Normalized Difference Water Index (NDWI) 

Normalized Difference Water Index (NDWI) is suitable for detecting early signs of water 

stress on vegetation and detecting bodies of water (Earth Observing System, n.d.). The NDWI is 

composed of the near-infrared and short-wave infrared bands, which reflect the moisture 

content in vegetation and soil (Earth Observing System, n.d.). The results of the NDWI ranges 

Figure 4. Explanation of structural products developed and used on the project site (University, 2021). 
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from -1 to 1, the higher values indicating higher levels of water content in the vegetation (Earth 

Observing System, n.d.). The results can also depend on the type of vegetation, cover, and 

hardwood content (Earth Observing System, n.d.). Using the moisture content helps pull out the 

greenery surrounding water and can be separated during our classification process (Map 6: 

Indices and Structural Data). 

Green Normalized Difference Value Index (GNDVI) 

The Green Normalized Difference Vegetation Index is very similar to the NDVI, except it 

uses the green band instead of the red band (Soft.Farm, 2015). Using the green band helps assess 

of photosynthetic activity of the vegetation cover (Soft.Farm, 2015). The index is used to help 

evaluate the nitrogen and moisture content in the leaves of the vegetation (Soft.Farm, 2015). 

The GNDVI is more sensitive to chlorophyll levels than the NDVI (Soft.Farm, 2015). Being more 

sensitive to chlorophyll than the NDVI allows better deciphering plants with similar reflectance 

in our classification process (Map 6: Indices and Structural Data). 

Soil Adjusted Vegetation Index (SAVI) 

Soil Adjusted Vegetation Index (SAVI) uses the NIR band, red band, and soil brightness to 

replace the NDVI in areas with low vegetation cover and the soil is exposed (Soil-adjusted 

Vegetation Index, 2013). In the arid southwest, a majority of the land is covered in sparse shrubs 

and trees. With vast amounts of sand in our project site, this model helps correct the model for 

areas entirely bare of vegetation and place correct spectral values to them to refine our model 

(Map 6: Indices and Structural Data). 



19 

` 

Enhanced Normalized Difference Vegetation Index (ENDVI) 

Enhanced Normalized Difference Vegetation Index (ENDVI) is calculated by using the blue 

and green bands, which allows for the comparison of green and blue light in addition to the NIR 

and Red bands for a more refined result. This index isolates the indicators of plant health and can 

be used to assess the presence of vegetation at a better resolution (Hawk, 2021). The blue light 

helps detect the chlorophyll levels better than the NDVI model, and the blue band in the drone 

imagery is of a higher resolution (Map 6: Indices and Structural Data). 

Normalized Difference Red Edge (NDRE)  

The Normalized Difference Red Edge (NDRE) index allows for a better infiltration rate and 

a refined vegetation shape amongst shadows. An increased infiltration rate is used to look 

through vegetation canopies and undergrowth. This allows for a better approach to differentiate 

the chlorophyll content of different species, which may be too clustered when using the NDVI 

alone. This index will be beneficial in looking at the vegetation pattern in the project site, as 

vegetation tends to be clumped and not dispersed (Map 6: Indices and Structural Data). 

Normalized Difference Salinity Index (NDSI)  

Normalized Difference Salinity Index (NDSI) uses the red and the near-infrared bands to 

assess the salinity levels in the soil (Khan, Rastoskuev, Sato, & Shiozawa, 2005). Soil salinization 

is commonly found in arid environments where precipitation is followed by rapid evaporation, 

leaving behind salt levels not generally found within the region. Salt cedar, a predominantly 

abundant plant along the LSR, and a species being treated along the project site are well known 

for their destructive nature of leaving salt in the soil reducing native species' ability to grow in 

the area. The NDSI allows for refined and enhanced visualization of areas dominated in salt 
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soluble soil and effectively shapes areas of land degradation (Map 6: Indices and Structural 

Data). 

 Classification & Analysis 

The multi-band composite dataset using multispectral data will need to be continually 

collected and analyzed throughout the project life of the LSRRP to ensure management has the 

best possible data for decision making. The capabilities of UAS data and GIS analysis can be used 

for monitoring the LSR's land cover over time as new areas of regrowth are observed. Land cover 

analysis used in prior research and, along with this Capstone, utilizes a supervised image 

classification schema which uses spectrally similar areas developed from training samples to 

extrapolate values and classification to additional areas of the dataset (ESRI, 2021). This schema 

type focuses on determining the distinct pixel values representing the vegetation species and 

compiling them into individual and general classifications, through project site observations of 

plant species 15 individual species of vegetation and man-made structure selected for classes to 

represent unique plant species while also grouping these species into eight generalized lifeform 

categories based on subtype (Map 4: Training Samples). 

A random trees classifier (RTC) was used to build the schema and test the capabilities of 

classifying the composite dataset, which used multiple decision trees and selects a variable at 

random to classify the frequency of appearance. Using both the training samples categorized by 

the individual plant species and general lifeform categories as the classes, attributes such as 

chromaticity (RGB Values), pixel counts, and pixel compactness was obtained. Our model used a 

maximum of 50 trees with a tree depth of 30. This was done to streamline the classification and 

maintain workflows to methods used in prior research (Cleaver & Perez, 2020). 
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Classification Wizard 

To develop baseline data on the classification scheme before instituting additional data 

into the schema, the Classification Wizard, a tool developed by ESRI and part of ArcGIS Pro, allows 

for the quick generation and assessment of accuracy and classification schemes. Classifications 

were developed for both the individual and general classification to adjust the settings "on the 

fly," such as pixel size, pixel depth, and the number of random samples. By working with the 

classification wizard in the initial stages, a "plug and play" tactic was used to find the best possible 

Figure 5. The process of classification using the Image Classification Wizard and Individual Classification tools in ArcGIS 
Pro. 
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settings for the classification wizard with the highest overall scores of accuracy. Using the 

classification wizard in this manner allowed baseline data to be collected regarding what 

segmented layer provided the best data clarity and aligned our methods to settings used 

previously (Cleaver & Perez, 2020). The following classification step was to use the individual 

classification tools provided through ArcGIS Pro to build off the results the Classification wizard 

attributed to our work. The classification wizard used simpler tools with fewer settings and 

reduced functionality to create a quick process. The individual classification tools: Train Random 

Trees, Classification and Accuracy Assessment Point tools, were critical for additional 

customization (Figure 5).  

Train Random Trees Classifier 

 For enhanced modeling, the RTC standalone tool is utilized for classification. The RTC is a 

technique of classification resistant to overfitting data. This method works with segmented 

imagery and allows additional datasets to be incorporated into the model (Figure 5). The RTC 

uses individual decision trees. Each tree is generated from different imagery samples, allowing 

the model to create a decision tree for ranking the priority of importance in the classifier; each 

decision tree gets a vote to classify the dataset fully (ESRI, 2021). The same settings were used 

from prior research and the classification wizard, including a maximum of 50 trees with a tree 

depth of 30. The only caveat to the tool was using the additional feature of the "Additional 

Input Raster" option; the classifier was given the raster stack dataset as an additional tool input 

in classification. Once training has been completed, an ESRI Classifier Definition (ECD) file is 

created, containing all of the classification information needed for the classifier process. 
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Classification Raster Tool 

 To classify imagery, the Classify Raster tool is used to produce final products, and the 

tool is given the ECD file, imagery,  raster stack reference data, and output locations for the 

classified raster. Again, the model is given the raster stack as additional reference material for 

analysis (Figure 5). This step of the workflow creates a final classified raster dataset from the 

input information supplied. The dataset is now ready for basic use in cartography, other 

product creation, or more intense spatial analysis. 

Accuracy Assessment Points 

 To check for overall accuracy across schema classes and determine classification 

accuracy, creating accuracy assessment points is utilized to check random points across the 

raster against known reference data. Accuracy assessment points are commonly made from 

fieldwork or human interpretation from imagery, aligning with previous work 2000 random 

points around the project site were generated. These 2000 points fit within the raster extent. 

Using the "Update Accuracy Assessment Points” tool, these 2000 points were updated to show 

known values for a specific schema class, whether general or individual. A confusion matrix was 

generated once accuracy assessment points were processed to show classified values and 

ground-truth values. Computing a confusion matrix allows for calculating errors of omission and 

commission. It derives a kappa index of the agreement for the overall accuracy between the 

classified layer and reference data (ESRI, 2021). 

Analysis Results 

The Cohens Kappa score was used to judge classification results and assess the model's 

overall accuracy. The Kappa score measures the degree of support or agreement between two 
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variables based on judgment, not measure. Kappa scores are generated to compare the 

determination of the RTC against known data points associated with the training samples (Xia, 

2020). Data is scored between a normalized distribution between 0 - 1 or 0 – 100%. Scores higher 

in value are indicative of highly significant results. 

In comparison, 50% or lower scores indicate poor classifier judgment and low accuracy in 

classification. Using settings of a maximum of 50 trees with a depth of 30, accuracy assessments 

were calculated to be 74% for the individual classes model and 79% for the general lifeform 

model. Overall accuracy, or the probability of the imagery to be classified correctly, resulted in 

scores of 81% for the individual classes and 86% for general lifeform classification using a 

stratified random sample of 2000 samples across the raster grid or extent (Table 3.). 

Table 3. Classification Results for the Classification Wizard and Individual Classifier Tools 

Analysis 
Individual 
(Wizard) 

Generalized 
(Wizard) 

Individual 
(Ind. Tools) 

Generalized 
(Ind. Tools) 

Trees 50 50 50 50 

Tree Depth 30 30 30 30 

Random Samples 2000 2000 2000 2000 

Kappa Score 0.74 (74%) 0.79 (79%) 0.93 (93%) 0.94 (94%) 

Overall Accuracy 0.81 (81%) 0.86 (86%) 0.91 (91%) 0.96 (96%) 

 

Blue Wavelength Enhancement 

The blue band wavelength was promising for analysis due to its short wavelength, which 

travels in a smaller and compressed frequency. When captured in imagery at higher elevation 

levels, the light diffuses within the atmosphere and is harder to use in the high-resolution 

analysis. However, when collected at lower localized elevations attributed to drone 
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specifications, the abilities of the blue band become more robust and beneficial for research. The 

blue band of light is valuable for classifying plant species and plant health; using UAS technology 

within smaller project areas allows for enhanced collection of the blue band data. It is a better 

indicator of plant species as the plants' absorption of blue light and high reflectance. The ENDVI 

model was chosen to enhance the effects of blue light and assist the classification process. 

Results of the process proved that incorporating the blue band as a standalone layer in the raster 

stack was beneficial to the process but was not significant in enhancing the overall classification. 

Incorporating similar indices such as the NDVI, GNDVI, and ENDVI all maintain similar normalized 

results and are highly correlated with each other. Using all of these models together helped 

define the shape and volume of the vegetation and separate plant species with higher definition 

but were not successful individually in enhancing results. 

Deliverables 
Discussion of Results 

To test our hypotheses that additional data could aid in classifying desert vegetation, as 

seen in previous research, other data, including spectral indices and structural data, were highly 

related and increased classification accuracy in prior research (Kedia, et al., 2021). Using a raster stack 

in conjunction with the multispectral composite allowed for enhanced classification and created 

additional supporting imagery for determining spectral ranges and vegetation shape. Using the same 

classification settings as prior iterations, Kappa scores of 93% and 94% were calculated with overall 

accuracies of 91% and 96% for the enhanced classification schema results (Table. 3). Per these results, 

our models show results indicative of highly accurate classification, which translates to increased 
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levels of agreement in the models for classifying the project site's entirety using our training samples 

for both the individual and general classification schemes. 

Individual classes and general lifeform feature classes and rasters have been developed 

using the final classified raster datasets from the RTC. These datasets were then processed into 

polygon features segregated among the 15 class names used in the individual classification 

scheme, along with the same process with the general lifeform data. These polygon features will 

be suitable for map-making, ArcGIS Online (AGOL) map service creation, and future usage in GIS 

initiatives such as assisting the team with on-the-ground detection of emerging nonnative plants 

estimated to be in the area. These layers will also be appropriate for future classification as 

reference data for accuracy assessment on the project site as these reference layers are critical 

for the long-term evaluation of vegetation along the LSR. 

Updated Plant Inventory 

Using the classified data, polygons were generated representing the grouping of distinct 

pixels and classified with the schema's spectral ranges for each class. The most extensive 

vegetation species (based on acreage) were mesquite, arrow weed, and salt cedar. This claim 

matches similar observations made while collecting photo vouchers on-site and examining 

aerial imagery via the orthomosaic. The individually classified data predominantly showed 

species with large areas of abundance with significant overall accuracy. For areas of high mass, 

the classification was able to significantly detail the size and shape of the site and provide a 

rough outline of areas of specific species. 

The generalized classification was able to accurately depict land cover at the basic 

categories of each life form. The largest generalized lifeform classification was trees, which 
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matches observations of the area via on-site observation and imagery. Comparing individual 

species, tree-specific vegetation dominates the landscape. Trees occupy most of the project 

site, while areas underbrush represented by grass, forbs, and shrubs accurately depicted 

underbrush areas. Generalizing the classes created a more extensive range of spectral values 

within each lifeform type and aided the model in effectively pulling out the shape of baren soil, 

silt, and sand within the project site. 

Overall, mesquite and salt cedar dominated the project site in acreage across both 

models. Prior research determined many of the same observations identified in our findings; 

the grass class entails cattail and giant reed, which have similar yellow spectral values for dead 

and water-deprived debris. The same yellow color is predominantly present in the mixtures of 

silt and sand found throughout the project site; this created some error within the model that is 

correlated with an overestimation in abundance and acreage across the project site due to the 

classification schema attributing cattail and giant reed to locations that are higher in quantity in 

sand and silt such as in the north and southeastern portion of the barren land on the site. The 

classification can further help monitor the impacts of vegetation management across the 

project site and help management make proactive determinations for their subsequent 

treatment phases. Based on approximate locations of nonnative species and "hotspot" areas to 

ground truth, management can create plans to remove the vegetation to foster natural 

recruitment and the growth of native species.  
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Table 4. General and Individual Classification Estimate Vegetation Acreage 

Individual Species Acreage General Types Acreage 

Stinknet 1.7 Forb 1.24 

Giant Reed 9.64 
Grass 26.24 

Cattail 17.41 

Bare Ground 92.39 Ground 85.71 

Man-Made 0.0003 Human-Objects 0.0004 

Roadways 9.05 Infrastructure 5.7 

Arrow Weed 72.25 

Shrub 78.12 Creosote 0.48 

Sweetbush 0.05 

Mesquite 87.08 

Tree 132.27 

Salt Cedar 21.1 

Freemont Cottonwood 6.71 

Gooddings Willow 10.6 

Coyote Willow 0.09 

Water 52.41 Water 51.6 

 

Outreach: GIS and UAS Lesson Plans 

GDAZ is committed to public engagement and outreach through educating middle school 

and high school students within Arizona; GDAZ strives to educate youth about various GIS and 

UAS technologies and how these technologies are being utilized in natural resource 

management. The full schoolyear GDAZ high school program introduces students to GIS and 

remote sensing through the lens of the LSRRP. Students gain hands-on experience utilizing this 

technology using ArcGIS Online and various other online resources as the program progresses. 

The remote sensing and GIS modules created as part of this Capstone help participants develop 

experience and skills while teaching students to use GIS as a problem-solving tool. The modules 
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include recorded lectures, supplemental videos, essay prompts, and core concepts and learning 

objectives. 

Module 6 was comprised of two lessons. The first lessons covered topography and DEMs. 

The second lesson introduces students to multispectral imaging and spectral analysis. Recorded 

lectures were produced, and supplemental videos and activities were collected to expand on core 

concepts. In-class activities corresponding to real-world problems are included in the lessons to 

let students apply their new knowledge and skills. The modules were designed to show students 

the multidisciplinary uses of UASs and GIS outside of an educational setting and expose them to 

the industries and professions that use this technology. The second module created (Module 7) 

was an opportunity to showcase the work along the LSR and how that groundwork was done 

using GIS and UASs. This module highlights the skills and knowledge students learned in earlier 

modules and how we translate it into a project aligned with helping GDAZ succeed in its mission 

by completing our Capstone. The hope is the community will learn from this opportunity and see 

how technology can help solve real-world problems and be applied to new areas of study. 
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Web Application: STEM Equity Dashboard 

Creating a web application using 

ArcGIS Operation Dashboards, a streamlined, 

intuitive application that allows for building 

web applications without coding experience, 

was beneficial to capturing educator 

information and demographics of schools. The 

GDAZ project aims to reach students in 

underserved communities that are often 

skipped over regarding technological 

opportunities. We created a web application 

to assist GDAZ staff in targeting these communities and reaching the students they contain 

(Figure 6). The goal of the dashboard was to help users navigate and find areas of various types 

of inequity. Inequity is the instance of injustice or unfairness (Merriam Webster 2021), whether 

economically or socially. 

Data available through Arizona's Geographic Information Council (AGIC) was utilized to 

access refined and revised datasets. Data from the Arizona Community Survey of 2019 was used 

in the development of the dashboard. This data was prepared by the Maricopa Association of 

Governments and provided census data. Data including race, ethnicity, economics and general 

demographics were provided in this dataset. School data, critical to sorting and refining 

Figure 6. By clicking on the school location desired an 
attribute table would appear with the option to click a link 
to the Google Sheets repository of school educator contact 
information. Hyperlink: https://arcg.is/0rOKbi 

 

https://arcg.is/0rOKbi
https://arcg.is/0rOKbi
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selections based on federal funding, teacher-to-student ratios, 

total enrollments, and race and ethnicities, were downloaded from 

the National Center for Education Statistics (NCES) for 2020. Users 

of the dashboard can sort and refine the selection of schools based 

on data supplied by the American Community Survey (ACS) and 

data available through the NCES. These filters will eliminate or 

show data with a specified target range. Users can then continue 

filtering their selection downwards or use the currently displayed 

data to reach their contact information (Figure 7). In conjunction 

with private and public-school geographic locations made 

available by AGIC, this data created a robust dataset that could be 

utilized within an operational dashboard. 

Along with the compilation of school geographic and 

demographic data, the collection of educator names, titles, phone 

numbers, and email addresses were obtained for each school and 

district within Maricopa County. Using the available private and 

public-school data in the GIS environment made this a 

streamlined effort of categorizing data based on the school, district, and county. Data for all 

schools were stored within a master index excel sheet and shared with GDAZ staff. A hyperlink 

to this database was built into the GIS layer, allowing the user to view a "read-only" version of 

the database containing contact information for teachers. From here, GDAZ staff and partners 

Figure 7. By using the Query Builder, a 
user can sort specific field data to a 
target range, the display will adjust to 
the selection and only show records 
that meet the required selection 
criteria. 

Figure 7. By using the 
Query Builder, a user can 
sort specific field data to a 
target range, the display 
will adjust to the selection 
and only show records that 
meet the required 
selection criteria. 
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can contact the school educators with information about the program and propose the 

opportunity for students to learn about GIS and environmental science.  

By creating a workflow to find educators that fit GDAZ's mission, the idea was to eliminate 

processing time as much as possible. Bringing this type of data into a GIS environment will allow 

GDAZ to continue finding and contacting educators thanks to the data types itself; data available 

through AGIC and NCES has unique identifiers for joining records to existing GIS features. The 

layers are now configured for future endeavors to build off of and update the background 

statistics in a uniform and efficient approach. Through census statistics, school demographics, 

and a technological approach to a process that is time-consuming. Enhanced efficiency and a 

streamlined approach to a process in a manner that would be considered unconventional in 

contrast to cold-calling educators and administration and has saved the GDAZ management 

numerous work hours better suited to educating students. 

Results and Interpretation 
Continued Support to GDAZ and Educational Initiatives 

In addition to GDAZ, this Capstone could not have been completed without support from 

multiple organizations across state, federal, and private backgrounds. The over-arching belief in 

environmental monitoring and the usage of GIS and UAS systems have allowed for the results of 

this Capstone to help GDAZ continue to succeed in its goals and objectives of education, 

monitoring, and restoration within the LSR riparian corridor. Deliverables from this project will 

assist in future management action and allow program partners to see the importance of 

technology in environmental restoration. This Capstone has been made possible through this 

work and showcases the need for continued support and action on the LSR. Through community 
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engagement, GDAZ can use this opportunity to show students and the public innovative and 

technical methods of solving problems within the community. 

Recommendations 
Future Implications for Classification 

LSRRP and GDAZ staff plan to continue implementing biannual UAS data collection to 

monitor the effects of restoration management. Previous research to accurately classify 

vegetation sitewide ended in statistically insignificant results but showed some promise in 

classifying vegetation in sections and extrapolating the results to the entirety of the site. Multiple 

recommendations were made to minimize errors and increase potential success. Using the 

guidance of prior research to increase the number of training samples per class did assist the 

model in final classifications and produced significant results. Issues of species of vegetation 

having a similar spectral value such as mesquite and salt cedar or bare ground, cattail, and dead 

vegetation all created errors within the model. However, the classifier was able to identify and 

produce an accurate shape of distinct vegetation clusters, distribution, and abundance, as 

reflected in our classification results.  

Simplifying the class structure to be analyzed from individual species to general lifeform 

classes produced favorable results in the accuracy assessment. Generalizing the classes into 

subtypes such as shrubs, forbs, grasses, and trees created an accuracy assessment more 

significant than the individual species classifier. By generalizing subtypes, you lose the ability to 

determine unique species across the site. Finding a common ground of unique and generalized 

classes will be essential to future success. We recommend future endeavors use specific 

classification types such as forest, herbaceous trees, woody debris, or wetland type classifiers 
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similar to the schema used by National Land Cover Dataset (NLCD) as this may hold better results 

and may act as a middle-ground in between an over-simplistic and highly specialized 

classifications scheme. 

To keep flight parameters consistent on the project, the management decision needs to 

be made regarding the continued use of the DJI P4P, the P4M (DJI Pro Multispectral), and the 

WingtraOne system. This spring, using the WingtraOne system allowed for very efficient and 

timely data collection within a large survey area with high-resolution imagery outputs for each 

multispectral band. The pros and cons of each need to be considered regarding spatial resolution, 

flight time, battery life, multispectral sensors and refine a protocol around the continued use of 

these drones. The recommendation is to maintain the integrity of the workflow and analysis over 

the entirety of the LSR project to ensure future results remain consistent and build off prior 

research and planning. Also, maintain a defined workflow to follow into the future, and keep the 

technology and data collection specifications used to collect data along with the project site. 

Environmental Factors 

In addition to maintaining flight parameters, developing routine flight schedules for data 

collection will continue to be at the forefront of future success. The similarity in spectral values 

of vegetation types is dependent on the consistency of UAS flight times. Proper timing of the date 

and time in respect to sunlight placement is paramount. Shadowing plays a factor in offsetting 

adequate classification. Imagery collection efforts should consider the sun placement that 

produces reflectance of each multispectral band and creates error or distortion in the imagery 

when composited. This allows for continued vegetation analysis and workflow structure while 
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maintaining temporal data integrity for time series analysis and correct management 

prescription. 

Hardware & Software 

A powerful computer processor is needed for raster processing and imagery classification 

within an efficient and acceptable time frame when working with large imagery datasets. The 

average time to run these processes on a standard computer system with standard hardware not 

geared to intense graphical processing ranged between 1.5 to 2 hours for segmentation and 

classification individually. As the study area grows larger each year to encompass more of the 

project site, access to a computer with a strong processor, memory, and hard drive will become 

more crucial. The computer will also need to have sufficient RAM or memory when working with 

the data. This will lead to shorter wait times and more complex analysis as more internal 

classification decision trees can be completed at an accelerated rate. The MAS-GIS computer lab 

standard GIS computer hardware uses an  i5 processor and 16Gb of RAM, adequate for most GIS 

product development, including light imagery analyses, map making, and data management. 

However, working with high-resolution drone imagery requires a better processor to work 

efficiently and promptly render data at finer scales over larger areas of the survey that need 

additional power. 

Model Builder & ArcGIS Pro Tool Creation 

Prior research was done to classify the project site using different streamlined methods 

to integrate a workflow into the overall process. One group worked with the onboard tools 

available in ArcGIS Pro for classification. In contrast, the second group developed a python 

scripted workflow integrating open-source software, GIS coding packages, and graphic design 
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elements into a script to run sections of imagery through classification then use neural network 

machine learning to extrapolate the classifier schema across additional units of imagery. Once 

development of protocols of our second-year classification capstone started to take shape, using 

the script to classify data did not effectively work as specific coding packages that were an older 

version did not work with newer packages and would deprecate to older versions not supported 

by the model, making the code abort operation shortly into processing. 

The final recommendation is to 

develop an efficient and timely workflow for 

processing large batches of raster datasets, 

such as the development of a model builder 

model that will use the individual raster 

classification tools in sequence and allow for 

model specifications and tool parameters to 

be set within it, this model shortens the 

process by eliminating wait time and individual processing into one extensive sequence (Figure 

8). Once the model has been vetted and the errors removed, this model can then be transferred 

into an ArcGIS Pro script and incorporated into a geoprocessing tool and used to help future 

cohorts analyze imagery quickly and effectively.  Although this process limits the types of analyses 

that can be conducted with ESRI software, the workflow becomes more accessible to non-

programmer staff but usable to current GDAZ staff and future cohorts of interns. By developing 

an onboard ArcGIS tool, users can then package up the tool and transfer it to other users and let 

Figure 8. An example of using the creating a model tool within an 
ArcGIS Pro project (ESRI, 2021). 
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staff run additional classification sessions using the same workflow and process, making results 

repeatable and assist management in effectively classifying imagery on a more routine basis. 

Conclusion 
Working with new forms of monitoring technologies with GDAZ has been an incredible 

opportunity to showcase GIS and UAS technologies and their impact on ecological and 

environmental restoration. This analysis and research are at the forefront of the goals and 

objectives of GDAZ and for the development of updated management along the LSR corridor. 

Using GIS and drones to cover large regions of diverse vegetation and minimize the need for 

people to be on the ground collecting data by foot will continue to be the gold standard for a 

management protocol. In any project, the cost of treatment, employment, and area-specific 

planting will be the direct by-product of the technical implementation and analysis using GIS and 

UAS data. The support of GDAZ and LSRRP restoration efforts on the LSR has only gained more 

traction and publicity with their outreach efforts. As they continue to make headway on restoring 

the Lower Salt River, GIS and UASs will continue to take precedence and provide new places for 

technology, restoration, and community engagement to pave paths towards a better tomorrow.  
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Map 1: GCPs 
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Map 2: Project Site Orthomosaic 
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Map 3: Photo Vouchers
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Map 4: Training Samples 
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Map 5: Segmentation 
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Map 6: Indices and Structural Data 
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Map 7: Final Classifications (Both) 
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Map 8: Individual Classification 
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Map 9: General Classification 
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