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ABSTRACT 
 

Modern rangeland management in the Texas panhandle is using new technology to help 

monitor plants and track wildlife. Recent technology in the fields of remote sensing, 

UAVs (Unmanned Aerial Vehicles), and data processing has given land managers more 

efficient ways of evaluating rangeland health and diversity. A Phantom 3 Professional 

UAV was paired with a Parrot Sequoia multispectral camera to capture true color and 

infrared imagery of the Texas Tech Native Rangeland. Flights were conducted seasonally 

summer 2017 to fall 2018 to test the seasonal impact of detecting plant species at the site. 

In each season, flights were conducted at altitudes of 30, 60, and 100 meters to test the 

impact of spatial resolution on detection as well. Recent innovations in image 

classification techniques in ArcGIS were tested to determine their viability of detecting 

distinct plant species. Using image segmentation and these new classifiers, the ability to 

map distinct plant species across the site using these tools were evaluated through an 

accuracy assessment. This study focused on native Honey Mesquite (Prosopis 

glandulosa) and non-native Yellow Bluestem (Bothriochloa ischaemum). Having the 

ability to detect and quantify unique species on rangelands can lead to more effective 

management techniques that will benefit native shortgrass prairies in the Texas 

panhandle. 
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CHAPTER 1 
 

BACKGROUND AND LITERATURE REVIEW 
 

1.1 Defining rangelands 

Rangelands are located in arid and semiarid regions comprised of grasses, forbs, 

and shrubs covering nearly 70% of Earth’s land (Davies et al 2015, Havstad 2008). 

Mostly used for livestock foraging up until the early 20th century, they are becoming 

more important for their wildlife habitat, water use, and recreational opportunities 

(Arnalds and Archer 2000). Many rangelands in the world were once dominated by 

grasslands, but are now being converted to other land cover and land use types (Samson 

and Knopf 1994).  

As shown in Figure 1, they make up large portions of each continent and directly 

benefit communities and society because of their biodiversity and ability to support various 

forms of agriculture. Much of Texas is considered rangelands, either as semiarid or a dry 

sub-humid ecosystems. These ecosystems provide farming for food, textiles, and timber in 

addition to livestock ranching. Research on rangelands for the last half century has focused 

on increasing sustainability while developing more efficient land management techniques. 

These arid lands are especially sensitive to disturbance either caused by humans or other 

natural forces because of limited water resources (Davies et al 2015). There is a growing 

demand in the agricultural research community to understand how these lands are affected 

by humans and how it will impact society in the future. 

Scifres (1980) described six specific factors that are responsible for vegetation 

change on rangelands including: (1) overgrazing, (2) less fire, (3) fencing in of 

rangelands for ranching, (4) removal of grasslands for agriculture, (5) humans moving 

more across the landscape, and (6) escaped woody plant cultivars.  A warming climate is 

also another factor affecting succession on rangelands. Around 10,000 years ago, much 

of the southern U.S. was cooler and wetter which catered to more woody species like 

pinyon pines, junipers, and oaks (Hamilton et al 2004). 

When European explorers began entering the region in the 1500’s, their accounts 

of the landscape described more of a grassland savanna and open prairie (Bogush 1952, 

Malin 1953, Inglis 1964). Most of the factors listed above occurred following European 



Texas Tech University, Matthew Jackson, May 2019 

2 

settlement of North America. Only three centuries later, journal entries of travelers were 

suggesting less grassland and more shrubs. Specific accounts in south Texas refer to the 

landscape as rolling prairie in the 1820’s while other accounts in the 1860s describe a 

mesquite prairie (Inglis 1964). 

 

 
Figure 1 – World map of arid and semi-arid lands. (Davies et al 2015) 

 

1.2 Problem of invasive species in rangelands 

Invasive species take resources away from native vegetation and the wildlife that 

rely on it. In arid rangelands, lack of management can turn a small invasive species 

problem into a widespread issue. In the Texas panhandle, present-day plant succession 

involves moving from a grassland environment to a climax community of short grass 

prairie mixed with sparse shrubs and trees. Historically fire and grazing largely prevented 

woody vegetation from spreading. However, in areas with large grazers removed and fire 

suppressed, woody species have spread more freely. In areas where this transition has 

already happened, they become entrenched in that state (Dye 1995). Only constant 

human intervention of brush management tactics can shift and maintain the system as a 

productive grassland (Hamilton et al 2004). 
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Two invasive plant species of particular interest on Texas rangelands are honey 

mesquite (Prosopis glandulosa) and yellow bluestem (Bothriochloa ischaemum); both 

found across rangelands in Texas and create issues for land managers.  

 

1.2.1 Honey Mesquite 

Honey Mesquite (Prosopis glandulosa) is a native tree/shrub species found across 

much of Texas and the southwestern United States and into Mexico. Evidence of the 

genus in this region has been found in soil surveys dating back over 3000 years (Brown 

and Archer 1989, Hester 1980). Other archaeological studies have shown mesquite seeds 

being used as food by native people over 4000 years ago (Dering 1994). Species within 

the genus likely have been in North America for several millennia before that, having 

genetically evolved since then with the changing climate and megafauna in its range. 

Historically, it represented a smaller piece of the landscape in what was predominantly 

grasslands mixed with sparse shrubs and trees. 

 

 
Figure 2 – Honey Mesquite at the Texas Tech Native Rangeland 
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The species can grow up to 15 meters tall in more moist climates and spreads 

from seeds that emerge anytime from spring to fall depending on the climate it is in 

(Hamilton et al 2004). In more arid climates like the Texas panhandle, its overall size is 

typically smaller. Its green leaves measure less than 5 centimeters across in most cases, 

but it develops multiple levels in its canopy which can create a closed canopy in many 

cases.  Its roots can go down 10 meters into the soil which allows it to withstand drought 

conditions by reaching water that other rangeland species cannot (Hurteau 2002).  

Honey mesquite is considered a fire-tolerant species, but its distribution is able to 

somewhat controlled with fire (Klinken et al 2006). Grazers also have an impact on its 

distribution by eating seed pods and spreading it through defecation over an area (Brown 

and Archer 1989, Scifres 1980). However, it also spreads without regular disturbance 

such as fire and soil disturbances from grazing. On much of the rangelands in the southern 

U.S., the species has become much more abundant leading to a decrease in native grasses 

that cater to existing native wildlife that depend on those (Archer and Maggio 1988). 

Honey mesquite is difficult to remove as it must be both physically and chemically 

treated to be totally removed. Timing of treatment is important in that the chemical needs 

to be applied while the roots are taking in water. In chemical applications, soil 

temperature must exceed 75 F at depths of 12-18 inches and the mesquite must have 

thicker foliage (Hamilton et al 2004). Additionally, optimum temperatures of 90-95 F 

and relative humidity of at least 50% further aid in the absorption of chemical by the 

plant. These conditions were used throughout much of the 20th century, but only with a 

root kill success rate of 25% (Dahl and Sosbee 1984). That number has gone up to 60% 

with advances in chemicals like Reclaim and Remedy in the late 20th century (Hamilton 

et al 2004).   

With advances in remote sensing and having the ability to survey the number of 

individual mesquite plants on a broad scale, determining the amount of herbicide can 

lead to more efficient management (Laliberte 2009). Knowing the number of individual 

trees to be treated is beneficial when it comes to budgeting treatments. Using a query in 

the citizen science project, iNaturalist, a distribution map of mesquite was generated 

showing counties with “Research Grade” observations of the species in Texas (Figure 3). 

These kinds of observations in the web-based program have been reviewed by a 
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minimum of three people and provide quality photos showing distinct characteristics of 

the species being identified.  

 

Figure 3 – Honey Mesquite and Yellow Bluestem distribution in Texas, iNaturalist 

 

1.2.2 Yellow Bluestem 

Yellow Bluestem (Bothriochloa ischaemum) is an Old-World C-4 perennial 

clump-forming grass species native to eastern Europe and Asia, but has been spreading 

throughout the southern U.S. in recent decades (Fulbright et al 2013; Szentes 2012; 

Robertson 2013; Ruffner and Barnes 2012; Simmons 2007). It is one of six non-native 

bluestem species in Texas (Clayton et al 2017). Recent research on the species in North 

America has focused on the impacts of its presence on native plant diversity and small 

mammals. Reed et al (2005) found a notable decrease in plant species diversity in 

invasive bluestem communities. Small mammals and bird species diversity have both 

been observed declines in these invaded areas as well (Hickman et al 2006, Sammon and 

Wilkins 2005). 

Having originated in cooler eastern European and Asian climates, it blooms 

earlier in warmer North American climates, grows taller, and is very winter-hardy 

compared to other grass species giving it a competitive advantage (Schmidt et al. 2008). 

Its blades are 1-2 centimeters in width with the grass growing in clumps reaching as tall 

as 1.3 meters (Missouri Department of Conservation). Distribution of the species is 

shown in Figure 3 using “Research Grade” observations from iNaturalist. 
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It is represented by two nearly indistinguishable varieties in the U.S. which stem 

from the original introduction of the species in Texas in the early 20th century (Clayton 

et al 2017; NRCS). Originally named “Yellow Beardgrass”, the species was introduced 

in the 1920’s at a USDA research station in south Texas to determine its viability for 

ranching purposes. Shortly thereafter it was introduced at the King Ranch in south Texas 

where it became known as “King Ranch Bluestem” or “KR Bluestem”. After noting its 

quick recovery rate following grazing and disturbance, the seed became commercially 

available 1949 by the Texas Agricultural Research Service. It was purchased by ranchers 

and the state for erosion control along roads across the state. By the 1970’s, it was 

determined that KR Bluestem, or “Yellow Bluestem”, did not provide the same level of 

nutrients to livestock that other native species causing land managers to begin eradication 

efforts of the species across the state. This process has proven difficult due to the grass’s 

ability to produce large seed banks and its increasing distribution across the state via 

roads. Studies show mixed results of the use of prescribed fire, herbicides, mowing, and 

disking on remove the species (Clayton et al 2017; Fullbright et al 2013; Simmons et al. 

2007; Ruckman et al. 2011). The species can be reduced initially with these methods, but 

its ability to recover quickly allows it to spread in disturbed soils faster than native 

grasses. It often takes a combination or two or three management techniques to control 

the species. 

      
Figure 4 – Yellow Bluestem at Texas Tech Native Rangeland 

 

1.3 Remote Sensing for rangeland mapping 

Remote Sensing is the acquisition of physical data of an object without touching, 

contacting, or otherwise interfering with that object (Lintz and Simonett, 1976). The 
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benefits of using remote sensing in ecosystem science is having the ability to detect and 

map land cover and land cover change over large areas on a regular basis (Singh 1989, 

Langley et al 2001).  

A familiar application of remote sensing on our daily activities is weather 

forecasting (Jensen 2016). The Geostationary Operational Environmental Satellite 

(GOES) system, for example, provides near real-time weather observations from space. 

The GOES system measures energy from multiple spectral bands representing different 

parts of the electromagnetic spectrum. The energy measurements are provided in the 

form of images for specific wavelengths of light that are able to better detect clouds and 

aerosols in the atmosphere.  

Detecting land change over time can be done with NASA sensors such as the  

Landsat sensors that have orbited Earth and captured images for decades (Jensen 2016). 

Landsat sensors collect wavelengths of light that track vegetation health and impervious 

cover. Red light and near-infrared light are useful for detecting vegetation because of the 

interaction plants have with that part of the electromagnetic spectrum (Zhu et al 2018). 

Green vegetation will reflect much of the blue and green part of the spectrum while 

absorbing red light and using it for energy. The blue and green light includes the range 

of wavelengths of 400-600 nanometers and near-infrared from 700-1000 nanometers. 

Red light includes wavelengths of 600-700 nanometers. Healthy plants will absorb much 

of the red light that strikes it from the sun while reflecting most of the near-infrared light 

away (Jensen 2016). Conversely, less healthy vegetation will reflect less near-infrared 

light. Using special sensors to measure the ratio of the amount of red light and near-

infrared light can provide insights into vegetation that may be undetectable by just 

looking at it with the unaided eye. Applying that information across an area on a map 

and assigning that ratio value to pixels in a map can create an index of vegetation cover 

on a landscape. One of indices used for measuring this ratio is the Normalized Difference 

Vegetation Index (NDVI). The NDVI is calculated by applying the following equation: 

(Near Infrared – Red Band) / Near-Infrared + Red Band). The NDVI index has been 

widely used for understanding green biomass patterns in terrestrial and aquatic 

ecosystems using space-borne remote sensing (Jensen 2016). 
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Rangelands are a prime candidate for remote sensing because of difficulty to 

access remote areas, lack of available existing data, the distinct differences in land cover 

types, and simply the vast area that they cover (Rango 2009). Having the ability to cover 

large rangeland areas means faster analysis that could be done manually in the field. As 

described before, multiple bands allow collection of various types of data at one time. 

Depending on the sensor being used to collect the imagery, it could updated every few 

days to a couple of weeks. In certain cases, this imagery is also free to the public. 

The greatest advantages of using remote sensing in research is the amount of area 

it can cover (Xie 2008). Virtually, the entire Earth is able to undergo land cover studies 

on some scale because of space-borne platforms. The growing number of platforms offer 

various products that can cater to a specific project. Additionally, these platforms have 

operated for nearly half a century and have created a vast database of imagery to choose 

from. It is easy to collect and compare data spanning decades over specific sites to 

conduct research. In many cases, remote sensing has made stepping foot on a study site 

unnecessary. That is not to say that visiting a study site can be completely replaced by 

remote sensing as experiencing a site in person offers many benefits beyond what data 

analysis can provide.  

 
Figure 5 – Comparison of resolutions of Landsat (30m), NAIP (1m), and UAV (<.05m) 

 

There are also drawbacks to relying on remotely sensed data. Two factors 

affecting the performance of a sensor are the height above the target (satellite in orbit 

above the Earth) and its orbital period. Figure 5 compares Landsat 30 meter resolution to 

higher resolution imagery from aircraft and UAV-based cameras. The spatial resolution 

of imagery is determined by the sensor size, but also by the altitude of the sensor (NASA 

2012). Typically, lower spatial resolution comes with shorter return times of imagery.  



Texas Tech University, Matthew Jackson, May 2019 

9 

Each GOES-based sensor provides almost real-time data over large parts of the United 

States, but only at 1 kilometer resolution (Jensen 2016). Landsat 8 offers a spatial 

resolution of 30 meters, but with a return time of 16 days. The National Agriculture 

Imagery Program (NAIP) captures imagery from aircraft which creates 1 meter 

resolution across the U.S, but with a return time of a few years depending on the location 

(Farm Service Agency 2019).  Space-borne sensors also offer little customization in 

terms of data collection unless you are the team who designs the sensor. The spectral and 

spatial resolutions of the platforms are not able to change per user’s project requirements. 

Data from privately operated space-borne platforms are becoming more available, but 

typically at a cost to the consumer.  

Another issue to using space-borne remote sensing systems is atmospheric 

effects. Light reflecting back to sensors is subjected to various elements in the air that 

refract light being reflected back to a sensor. In tropical climates, remote sensing may 

not even be an option due to cloud cover. Data providers offer some solutions to correct 

imagery due to the atmosphere but it is something that must be considered in any research 

using the technology.  

Research in the field of remote sensing on rangelands has increased over the last 

20 years according to a Web of Science database query using “remote sensing on 

rangelands” as the search topic. The number of published articles has seen an increase 

from 18 in 2000 to 30 in 2018. The number of research papers being cited in that same 

time period has grown from a little less than 100 to well over 1200 (Figure 6). This single 

query does not catch all research completed in this field, but it does show an increasing 

trend. Much of this trend is likely attributed to not only technological innovation, but 

also to access to those innovations. The availability of low-cost, or free, space-borne 

remote sensing data has likely made a significant impact on the amount of research being 

done on rangelands around the world.  
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Figure 6 - Total Publications by Year of "remote sensing on rangelands" in topic search 
in Web of Science (left). Number of Citations by Year of "remote sensing on 

rangelands" in topic search in Web of Science (right). 

 

1.3.1 UAV Technology 

Manned-aircraft based cameras are able to tailor data collection to specific 

projects. Collection periods, resolution, and sensor type can be tailored to specific 

projects. One of the downsides to using this technique is cost. Fuel, pilot, aircraft 

maintenance, or rental fees can constrict data collection. 

Powered unmanned aerial vehicles (UAVs) were first used for military weapons 

purposes by the USA during World War II, but became a tool for collecting aerial 

imagery in the 1950’s (Newcome 2004). By 1960, the U.S. had sent “Corona”, the first 

unmanned satellite into space to successfully capture imagery of Earth’s surface, marking 

the beginning of space reconnaissance (Jensen 2000). The widespread adoption of this 

technology led to further research in meteorology, geology, oceanography, and climate 

change (Newcome 2004). These technological advancements also led to unmanned 

science missions beyond Earth to other planets and objects in our Solar System. 

The recent birth of low-cost UAV systems in the private sector has grown quickly 

in the last decade. The initial growth was mostly recreational use, however low altitude 

UAV systems are quickly being utilized for agricultural research (Laliberte et al 2010, 

Lu and He 2017, Xiang and Tian 2011, Birdsong et al 2015, Everacerts 2008, Bryson 

2014, Hardin and Jackson 2005, Salamí et al 2014, Rango 2010, Hogan 2017). 

Researchers are able to have much more control when, where, and how data is collected 
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within a low budget. This method is closing the gap between what space-borne satellite 

imagery and manned aircraft imagery can provide. 

By 2015, companies like DJI, Parrot, and 3D Robotics had developed and begun 

marketing UAV’s for consumers to use for recreation and business (Camilli 2015). The 

ability to purchase a complete UAV system ready to fly out of the box for under $1000 

was becoming more common and allowed the public to develop new uses for the 

technology. This led to new, low-cost UAV- based remote sensing programs that are 

spreading in the fields of agriculture, biology, ecology, and land management. This 

technology allows users to customize their data collection process by controlling when 

imagery is collected and the spatial and spectral resolution it can provide.  

Being able to track phenological changes at different resolutions with multiple 

bands can have an impact on detecting rangelands plants (Fish and Smith 1973). When 

doing a query in Web of Science using “rangelands” and “UAV” as the search topics, the 

numbers follow a similar pattern, but with a much steeper increase in citations in the last 

10 years (Figure 7). With no cited papers in 2005 or earlier, the number jumped to nearly 

250 in 2018. 

   

Figure 7 - Total Publications by Year of "rangelands” and “UAV" in topic search in 
Web of Science (left). Number of Citations by Year of "rangelands” and “UAV" in 

topic search in Web of Science (right) 

 

One of the earliest adopters of UAV technology on rangelands in the USA were 

researchers at the Jornada Experimental Range in Las Cruces, New Mexico. Articles 

published as far back as 2006 highlight the beginning of the research using UAV’s at the 
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rangeland site. With eight publications since then by the same team of researchers, those 

articles have been cited over 600 times in research journals in the last 10 years.  

  

1.3.2 Spectral Cameras in UAV platforms 

The first cameras used for sub-orbital remote sensing in the 20th century used film 

that was processed after being recovered. The camera onboard the Corona satellite had a 

spatial resolution of 40 feet in 1960 and eventually down to 5 feet in 1972 (Ruffner 1995). 

Different missions of that program used black and white film, but infrared and color film 

was also used on other. Advances in multi-spectral cameras for remote sensing in the 

1970’s allowed cameras to move from traditional film to digital images, like what was 

used in the Landsat program (Jensen 2016). The advances in computing processing 

technology further aided the shift in remote sensing to digital data. With these new tools, 

cameras were able to be customized which allowed for sensing capabilities for multiple 

wavelengths. These sensors decreased in size and cost overtime allowing them to be used 

on other platforms other than just satellites. By the early 2000’s, this technology was 

being used by the United States Department of Agriculture for the NAIP for agricultural 

purposes across much of the country (Farm Service Agency 2019). In the late 2007’s, a 

near-infrared band was added to the NAIP images that allowed users to create vegetation 

indices like NDVI.  

 
Figure 8 - Sample images of multiple bands taken with Parrot Sequoia  
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The multispectral technology began to evolve on a smaller scale with researchers 

succeeding at developing low-cost cameras able to capture red and near-infrared light 

using filters. Ritchie et al (2008) tested the viability of creating a low-cost, multispectral 

sensor using off-the- shelf cameras by using filters to capture red and near-infrared light. 

The technology proved to work at detecting changes in irrigation levels in cotton plants. 

Further technological advances within the last five years have continued to miniaturize 

multi-spectral sensors that are able to capture multispectral imagery from a moving 

platform (Hunt 2010, Laliberte 2011, Klemas 2015, Bruns 2017). Companies are quickly 

designing ways to incorporate this new technology with the emerging UAV market. 

Having the ability to capture multispectral imagery from UAV (Figure 8) is going to 

change the agricultural industry by giving farmers and ranchers the ability to evaluate the 

health of their crops and grazing land by flying a UAV mounted with a multispectral 

camera. 

1.3.3 Algorithms for object recognition 

 Images collected from orbiting, space-borne sensors to UAV’s can be used 

further explored using image processing algorithms for automatically detecting objects 

or elements in a landscape. This process is known as image classification.  

Classifying an image is the process of converting a raster dataset whether it be an 

aerial photo or some other image of an object and grouping pixel values. It is a widely 

used technique in environmental studies and has been a research field of its own trying 

to improve classification methods (Gong and Howarth 1992, Gallego 2004). The 

methods are broken out into two types, supervised and unsupervised. Supervised 

classifications include using user created training sites that are created from ground-

truthed data or some other source showing actual physical data on the ground. 

Unsupervised classifications do not use that data and instead rely solely on pattern 

recognition of pixel values across an image.  

One type of supervised image classification method is “Random Decision 

Forests” or “Random Tree” (RT). This method is based on a series of decisions that a 

model goes through in order to reclassify a pixel in an image. Each decision on whether 

a pixel is one value or another is determined by is a node on branching tree. Accuracy 

increases with more trees in the model, but it levels off at a certain point. It is an attractive 
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classification method because it is straight-forward and quick compared to others (Ho 

1995). Having the ability to customize decision trees can also cater to specific project 

needs further speeding up processing times (Pal and Mather (2003). It works well with 

segmented images and other ancillary datasets.  

Support Vector Machine (SVM) is another type of machine-learning supervised 

classification used in classifying raster images. The basis of this classifier generating a 

system of equations to evaluate pixel values in training data and assign values to the rest 

of the pixels in a raster. ESRI, the company who makes ArcGIS, describes the classifier 

being well suited for analyzing satellite imagery, requiring few training sites and even 

distribution of them, and is less susceptible to noise. In land cover studies using SVM 

and RT classifiers on satellite imagery, Dixon & Candade (2008), Pal & Mather (2003), 

and Huang et al (2002) all found that both classifiers performed equally well in mapping 

different land cover types. Huang et al (2002) noted that processing times for SVM took 

longer. However, in a similar study on Canadian croplands done by Nitze et al (2012), 

SVM classifiers performed better than the RT in detecting specific crops. That study also 

showed that native grasslands in the imagery were best classified with SVM early in their 

growing season.  

Maximum Likelihood is a third supervised classification method and is widely 

used in land cover research. It evaluates class distribution in a raster image and 

determines which class a pixel is most likely to be grouped with (Scott and Symons 

1971). In the studies previously mentioned along with a study by Mondal et al (2012) on 

tropical grasslands and agricultural fields using Landsat images, they all found the 

machine learning classifiers of RT and SVM to perform better than the maximum 

likelihood classifier.  

The isodata clustering algorithm, or Iso cluster, is an unsupervised classification 

method used in remote sensing studies. This method evaluates pixel values within 

clusters and reassigns values of nearby pixels within a predetermined cluster size. It does 

not use training sites to assign values to those clusters, but does require the user to define 

a cluster size. This classification method can be useful in studies evaluating land cover 

change over large areas with a rapidly changing landscape when using and updating 

training sites may be too time-consuming. However, limitations of this method have been 
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reported in the literature. Tropical regions may have issues with remote sensing studies 

because of the amount of green vegetation visible in each image (Roy et al 1991). In 

addition, not many studies have been found to use this method on high resolution, UAV-

based studies attempting to map distinct species. Romero et al (2016) did evaluate a 

customized unsupervised classifier on forests using high resolution imagery and found 

some success in discriminating similar land cover types, but also had issues with noise 

and variability around those similar areas. That study also tested a SVM classifiers and 

found it to outperform the unsupervised classification. This is likely due to the spatial 

resolution of the imagery causing too much noise in a small area. The study did show the 

capabilities of fine-tuning this method and creating useable results.  

Another method for detecting objects or features in a landscape is through Image 

Segmentation. Image segmentation is the process of grouping pixels together into 

segments, but not reclassifying those pixels. It is often used on high resolution imagery 

in an attempt to even out pixel values across the image and make classification much 

easier (Meinel and Neubert 2004). It is a relatively more recent image processing tool 

compared to the rest of the remote sensing field as high resolution imagery has become 

more available. Bins et al (1996) and Meinel et al (2001) were two early studies using 

modern segmentation techniques with the first study looking at forest and agricultural 

areas using Landsat imagery of the Amazon River basin and the latter mapping urban 

growth using 4 meter resolution IKONOS imagery. In both cases, segmentation 

improved classification accuracy. 

 

1.3.4 Aerial remote sensing applications on rangelands 

 There have been many studies on invasive species in the southern U.S. over the 

years. A few in particular helped inspire this thesis. One of the first remote sensing 

studies on rangeland vegetation was conducted by Fish and Smith (1973) at the Santa 

Rita Experimental Range in southern Arizona. The study used multispectral aerial images 

covering multiple seasons in a desert ecosystem to quantify woody plant cover of specific 

plots. They were able to track mesquite at different phenological stages throughout the 

year with the imagery. Using a grid laid over images, they were able to quantify canopy 

cover for mesquite and other woody plant species at the site with different accuracies for 
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each species. They determined that the method could be viable, but greatly enhanced 

with ground sampling points. 

Mirik and Ansley (2012) evaluated the use of satellite and aerial imagery of 

quantifying honey mesquite infilling rates on a study site in north Central Texas. Using 

30-meter resolution imagery from Landsat 5 and 1-meter resolution NAIP imagery, they 

were able to classify mesquite, grass, bare ground, and other at accuracy rates around 

90%. They were also able to compare their canopy cover estimates to ground surveys 

and found that mesquite canopy was overestimated by 10% while grass canopy was 

underestimated by about the same amount. 

Cunliffe et al (2016) used a UAV to capture imagery over Sevilleta National 

Wildlife Refuge in southern New Mexico to quantify vegetation cover on dryland 

ecosystems. That study found positive results in being able to detect distinct rangeland 

species and provide aboveground biomass calculations of woody plants species at the 

site.  

Other rangeland research sites like the Jornada Field Station in New Mexico and 

the Cesar Kleberg Wildlife Research Institute in south Texas also conduct ongoing 

studies of invasive species with the help of new remote sensing technologies like UAV’s. 

The previously mentioned study has been one of many at the Santa Rita Experimental 

Range operated by the University of Arizona in southern Arizona. The facility has been 

in operation since 1902 and is home to many long-term ecological research studies. Many 

of those studies have captured imagery either from airplanes in the early 20th century or 

from ground-based cameras. In both cases, repeat photography studies are possible at the 

site because of a well-developed data-collection process and database to house all of the 

information in one place. Much of that information is available to the public through their 

website.  

 

1.4 Research Objectives 

Although several efforts have been made using UAV to map rangelands, there is 

scarce scientific information on the best practices to implement when mapping invasive 

species such as Honey Mesquite and Yellow Bluestem with the use of UAV imagery 

and image processing techniques. Specifically, it is important to understand how the 
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altitude of the aircraft and the time (season) of data collection affects our availability to 

discriminate between invasive species and the rest of the landscape elements.  Using 

techniques described in these earlier studies along with new image classification 

technology, this thesis aims to test the viability of using a low-cost UAV-based 

multispectral remote sensing system to map honey mesquite and yellow bluestem on 

rangelands. 

• Objective 1 

o Determine impacts of seasonality on the ability of a UAV-based 

multispectral system detecting and discriminating Honey Mesquite 

(Prosopis glandulosa) and Yellow Bluestem (Bothriochloa ischaemum) 

on native rangelands.  

• Objective 2 

o Determine the impact of UAV-based multispectral system altitude and 

spatial resolution on detecting and discriminating those species.  

 

1.4.1 Hypotheses  

 I expect that seasonality will affect the spectral response and greenness of plant 

communities throughout the year and impact the accuracy of automated mapping 

methods. Furthermore, I expect lower UAV altitudes to increase the detection of those 

species because the spatial resolution will allow a clearer, more discrete classification of 

vegetation. 
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CHAPTER 2 

METHODS AND PROJECT DESIGN 
 

2.1 Study Site 

The study site is Texas Tech University’s ‘Native Rangeland’ facility in Lubbock, 

Texas (Figure 9). The study site is located in the southern high plains which has a 

continental climate that averages approximately 20 inches of precipitation annually with 

the majority of precipitation falling in the summer (National Weather Service 2018). The 

average high temperature in the summer is 93 degrees Fahrenheit. The average low 

temperature in the winter is 26 degrees Fahrenheit. From aerial photographs of the site 

dating back to the 1950’s, the site includes a natural playa lake and a drainage system 

that feeds into it from the north (Figure 10). A system of raised roads act as levees that 

control water have further shaped the landscape at the site. It is not known when those 

levees were constructed. At some point during this history, the site was home to livestock 

grazing explained by the pens and old fencing material crossing the site. Based on 

historical imagery, there may have been mechanical soil disturbance at some point in the 

northeast quarter of the site due to tilling. Fire has not actively been used as a 

management tactic or either in a controlled setting or uncontrolled for most of this time 

period.  

 
Figure 9 – Map of study site location 
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Woody plant encroachment has occurred at the site over the past 60 years, but 

without accurate ground surveys covering that time period, the rate of increase cannot be 

accurately determined. According to measurements taken in the northeastern portion of  

the site in early spring 2018, mesquite has an average height of 1.41 meters and an 

estimated canopy area of 1.5 square meters. However, there is quite a bit of variation 

across the site with mesquite in lower lying areas being larger and denser. Early aerial 

photographs of the site collected by the City of Lubbock suggest less woody plant cover 

at the site in the 1950s with an increase in 1986 and to present day (Figure 10). Without 

reliable surveys taken in those time periods, it is difficult to say for certain whether or 

mesquite was at the site or some other woody plant.   

 
Figure 10 - Aerial images of site in 1958, 1986, 2016 showing possible woody plant 

encroachment in the southern half of study site. (City of Lubbock GIS, TNRIS) 
 

Yellow bluestem is very limited in distribution at the site occurring mostly in 

small patches along the main caliche road, and the grass two-track road along the 

southwestern part of the rangeland. It appears to be fairly abundant in the quail research 

area adjacent to the rangeland where it was possibly seeded and escaped from the plots 

there. The area is home to several small mammals including rabbits and mice which are 

capable of causing some level of disturbance to the soil and to vegetation. However, 

managed grazing with livestock is not used at this site. Measurements at the study site 

show a single blade of grass to be less than 1 centimeter across on average and individual 

plants reaching about 1 meter in height and 80 centimeters in diameter. Patches of yellow 

bluestem range from a just a couple of individuals to areas of nearly 20 square meters.  

The area within the Native Rangeland being used for this study is 135 acres and 

consists of lightly managed rangeland. It is generally flat except for raised roads and 
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levees that help drain water. There is also a playa lake in the southwest quarter of the 

rangeland that covers up to seven acres when full of water. It is home to at least 148 

known plant species including forbs, grasses, shrubs, and trees according to vegetation 

surveys carried out by students in the Department of Natural Resources Management. 

Over 30 grass species are found at the site including native Blue grama being one of the 

most abundant species. Shrub and tree species include elm, Soapweed Yucca, and Honey 

mesquite with the mesquite appearing to be the most abundant at the study area.  

The site is home to the Lubbock Mesonet weather monitoring station operated by 

the West Texas Mesonet Network out of Texas Tech University. Stations measure 

temperature, precipitation, winds, solar radiation, among others. As shown in the data 

from the Lubbock station, much of the study period incurred drought from summer 2017 

to spring 2018 with less than five inches of rain falling at the site (Figure 11). Daily 

maximum solar radiation at the study site is shown in Figure 12. Solar radiation changes 

based on seasons and the position of the sun in the sky. 

Most management at the site is small scale and specific to single research 

projects. Many of these projects are visible across the site with fenced in plots, transect 

lines, and animal houses (Figure 13). Future management of mesquite at the site is 

currently being discussed. A couple of notable projects that occurred during the 

observation period that had implications during this study. One was an eDNA collection 

study carried out by NRM graduate student Mark Johnson. His project included 

surveying nine spoke transects across the site to determine plant distribution. The surveys 

included 3 meter wide by 100 meter belt transects that counted notable forbs and woody 

plants including mesquite. A separate project carried out by another NRM graduate 

student, Katelyn Vedolich, evaluated the effect of removing woody ground cover on 

small mammals on rangelands. The project included removing all mesquite on eleven 

10x10 meter plots on the site in summer 2018. A third project in the department involved 

spraying and removing mesquite on about 10 acres in the southwestern portion of the 

TTU Native Rangeland. This project was completed in November 2017. 
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Figure 11 –Daily rainfall totals, average monthly precipitation totals, and flight days 

 

 
Figure 12 – Daily peak solar radiation (watts/m2) and flight days 
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Figure 13 - Image captured with DJI Phantom 3 Pro at an altitude of 60 meter in August 
2018 showing Johnson transects (blue), Vedolich mesquite removal plots 

(yellow), and NRM department mesquite removal area (red). 

2.2 Equipment, Materials and Software 

The UAV used for this study was a DJI Phantom 3 Pro (Figure 14). It was selected 

for its relative low cost compared to other models on the market. It also comes with a 

RGB (red, green, blue) camera capable of 12 megapixels and with an image size of 4000 

x 3000 pixels. The camera is mounted on a motorized gimbal allowing the camera to be 

redirected and stabilized during flight. The UAV is capable of using GPS and GLONASS 

satellites for positional accuracy. It is flown using a controller included with the UAV 

capable of reaching about a half mile from the hand-held controller. The DJI Go mobile 

application permits users to fly the UAV manually and take photos and videos. It also 

has some capability of creating flight plans using saved waypoints. This distance 

provided adequate coverage of the site from a single launch point. The DJI batteries 
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lasted offered approximately 17 minutes of flight time. Four batteries were used to 

conduct all of the flights during the study period.  

 
Figure 14 – Phantom 3 Professional UAV with Parrot Sequoia camera and sunshine 

mounted 
 

The Pix4D Capture mobile application was used on an Apple iPhone for creating 

flight plans and automatically flying the UAV. The app allows users to customize 

altitude, speed, and image overlap for each flight. This application is much better suited 

for capturing aerial imagery as it can create flight plans without having flown over the 

site previously. Flight plans can also be saved and re-used for repeat flights. The 

application is compatible with the camera that came with the DJI UAV. It is able to 

automatically trigger the shutter based on the desired image overlap. 

The primary camera used in this study was a Parrot Sequoia multispectral camera. 

It contains 4 single-band sensors and 1 RGB sensor capable of capturing true-color 

images. Single band sensors capture an 80 nanometer range with in each of the green, 

red, and near-infrared parts of the electromagnetic spectrum (Table 3). A fourth 

narrowband sensor captures a 20 nanometer range between the red and near-infrared 

bands. According to the technical specifications listed by Parrot (Parrot 2017), the single-

band sensors use a global shutter with a resolution of 1.2 megapixels (Table 1). The RGB 

sensor used a rolling shutter capable of 16 megapixels. The published ground resolution 
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for the single-band sensors ranges from 3.7 cm at 30 meter altitude to 12.4 cm at 100 

meter altitude (Table 2). The published ground resolution for the RGB sensor ranges 

from 0.8 cm at 30 meter altitude to 2.7 cm at 100 meter altitude.  

The wavelength ranges used on the Sequoia were chosen to best capture light that 

interacts with plants. Plants interact with light in red and near-infrared wavelengths 

differently based on their health.  The lines, or spectral profiles, of healthy and stressed 

plants (Figure 13) varies because of the amount of energy being reflected off those targets 

and back to Sequoia sensor. Filtering those wavelengths to be captured by the sensor 

independently allows analysis of the difference of the two wavelength bands.  

 

 
Table 1- Sensor types for Parrot Sequoia camera 

Parrot Sequoia Sensor Details 
Sensor Type Shutter Type Imager Image Size (px) 

Monoband (G,R,RE,NIR) Global 1.2 Mpx 1280x960 
RGB Sensor Rolling 16 Mpx 4608x3456 

 
Table 2- Sensor resolution capabilities 

Parrot Sequoia Ground Resolution (cm/pixel) 
Height (m) Monoband RGB 

30 3.7 0.8 
60 7.4 1.6 
100 12.4 2.7 

 
Table 3 – Monoband sensor wavelength ranges 

Parrot Sequoia Spectral Resolution 
Band Wavelength Range 
Green 510-590 
Red 620-700 

Red Edge 725-745 
Near Infrared 750-830 
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Figure 15 – Spectral bands of the Sequoia camera are shown as Green, Red, Red-edge, 
and NIR (Parrot 2017) 

 

The camera comes with a sunshine or irradiance sensor which is used to calibrate 

images during flight. It is able to estimate the solar radiation and calibrate each image as 

they are taken in case the UAV is flown under varying sky conditions.  The sunshine 

sensor also contains a GPS receiver that geotags each photo as they are taken. 

The Sequoia camera was mounted to the UAV using a mount built by Micasense. 

The mount replaces the stock DJI mount, but still allows the camera to be powered by 

the UAV batteries. The mount does include some rubber dampeners for stabilization, 

however is does not include a motorized gimbal. Without a gimbal, the camera cannot 

be moved during flight, therefore the direction of the camera must be determined for the 

entire flight before taking off. 

This camera setup is not compatible with the Pix4D Capture app like the DJI 

camera, so it must be activated on the ground prior to beginning a flight. The camera 
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settings are accessible through a WIFI interface once the camera is powered on with the 

UAV. Settings that can be customized include camera triggering type, image overlap, 

and turning off specific sensors. 

Raw aerial images were processed in Pix4D Desktop software. Images taken with 

Sequoia are geotagged with UTM coordinates. Those are brought into the software that 

is able to mosaic the images together and orthorectify them. Pix4D was selected for its 

capability of conducting automatic flights with the Phantom 3 Pro and for its ability to 

process the imagery back in the lab. The different sets of images correspond to each 

spectral sensor on the Sequoia. For each flight, a mosaicked, geoTIFF for each of the 

single-band sensors and the RGB sensor were created. 

Additionally, a Normalized Difference Vegetation Index (NDVI) image (in 

geoTIFF format) was created for each flight automatically in the software. Pix4D has 

further capabilities catered to agriculture including elevation models and prescription 

spatial data using NDVI data. Using the orthoimagery, the software has the capability to 

generate digital surface models. Prescription data has the ability to be loaded into 

compatible tractors which can disperse appropriate amounts of water, fertilizer, or 

pesticides automatically as it is driven on an agricultural field. 

ESRI’s ArcMap 10.6 was used for further image analysis using the Spatial 

Analyst Extension. The “Composite Bands” tool in the Data Management Toolbar was 

used to stack the individual single-band images of green, red, red-edge, near-infrared, 

and NDVI created in Pix4D. The output was a single geoTIFF with multiple layers of 

data. The “Segmentation and Classification” toolbox was used to segment and classify 

images and check for accuracy. Image segmentation is used in image analysis to remove 

noise and tries to group like pixels together into larger patches. The “Segment Mean 

Shift” tool was used to segment images based on settings input by the user. After each 

image was segmented, four different classifiers were used on each one. Random Tree, 

Support Vector Machine, and Maximum Likelihood were used for supervised 

classifications. Iso Cluster was used as an unsupervised classifier. Supervised 

classifications use ground-truthed data created by the user to “train” the classifier. 

Unsupervised classifications do not use any training data, but rather depend more on 

cluster analysis of pixel values. Three of the four methods include fields that can adjust 
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settings during the classification process. These affect the sensitivity of the classifier, 

therefore, can affect accuracy. 

The “Classify Raster” tool within the same toolbox was used to create a new 

geoTIFF from each flight showing individual classes across the image. For each 

classified image, the “Create Accuracy Assessment Points” tool was used to 

automatically place a defined number of ground truth points across the image. This tool 

has options for two different outputs a point shapefile. Both options create a point 

shapefile with two columns in the attribute table. One option is to automatically populate 

one of the fields with the classified image values. The second option is to populate one 

of the fields with actual ground-truth data. In either case, the other field is filled in 

manually using a separate classified image or other ground-truth data. An error matrix is 

created using the “Compute Confusion Matrix” tool was used to calculate the accuracy 

of each class in the classified image and the overall accuracy. The report creates a user’s 

accuracy and producer’s accuracy for each class in addition to an overall accuracy and a 

kappa value. The user accuracy shows the percentage of pixels that were classified 

correctly within a class. The producer’s accuracy shows the percentage of pixels from 

each class that were put into each class. The overall accuracy is the average user accuracy 

across all classes. The kappa value is a statistic that measures the agreement rate taking 

into account chance.  

 

Figure 16 – Flow chart of image capture, processing, classification, and accuracy 
assessment 
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2.3 Data Collection (Image Capture) 

Imagery collected for this study with the UAV began June 2017 and continued 

during January, April, and September of 2018. Unfortunately, technical issues with the 

Sequoia camera and the Pix4D Capture mobile application postponed flights until winter 

2018. It was decided to use the June 2017 imagery in this study instead of summer 2018 

to have a comparison of mesquite cover comparison before and after the mesquite 

reduction project completed in late fall 2017. Each month, imagery was collected at 100 

meter, 60 meter, and 30 meter altitudes at the site.  

UAV flights were carried out on clear or mostly clear days to eliminate the effects 

of cloud shadows in the imagery (Table 4). Wind conditions on all flying days were 

below 10 mph, but a couple of days had gusts up to 15 mph. Skies were typically clear 

or covered with high clouds not casting distinct shadows. Temperatures during flights 

ranged from 85 F in June to around 59 F in January. 

 

Table 4 – Weather conditions on each flight day 
Flight Day Weather Conditions Notes 
6/6/2017 

(late spring/early 
summer) 

Temp= 85, DewPt= 52, WindDir=ENE, 
WindSpd= 10mph, Cloud= PtlyCldy 2/8   

1/28/2018 
(winter) 

Temp= 59, DewPt= 20, WindDir=SW, 
WindSpd= 8/G14 mph, Cloud= Mstly Clr 

1/8 

High cirrus clouds in 
parts of sky, not 

causing shadows on 
ground 

4/27/2018 
(spring) 

Temp= 70, DewPt= 30, WindDir=SE, 
WindSpd= 7/G10 mph, Cloud= Clr 4/8 

High cirrus clouds in 
parts of sky, not 

causing shadows on 
ground 

9/30/2018 
(early fall) 

Temp= 83, DewPt= 56, WindDir=S, 
WindSpd= 10/G15 mph, Cloud= Clr 0/8 
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Figure 17 – Map of flight areas by altitude at study site 

Each day imagery was taken, 4 flights were conducted at 3 different altitudes 

(Figure 17). The first 2 flights were done at 100m altitude with the first covering the 

north half of the site and the second covering the south half. This was required due to the 

battery life of the Phantom 3 UAV. At this altitude, the UAV flew at approximately 13 

meters/second across all flights, depending on wind conditions. The first flight lifted off 

from the center of the site and began its flight plan in the northwest corner. It flew east 

and west across the site. The second flight lifted off near the center of the southern half 

of the site and began its flight plan where the previous ended. The third flight was done 

at 60 meter altitude and covered roughly the northeast quarter of the site, totaling about 

35 acres. It lifted off from the same location as the first flight, but began its flight plan at 

the center point of the north line before going east and west across the site. The average 

speed of the UAV during this flight was about 8 meters/second. The fourth and final 

flight was done at 30m altitude and also began as the same location as the first and third 

flights. It covered roughly the southwest quarter of the northeast quarter of the site, 



Texas Tech University, Matthew Jackson, May 2019 

30 

totaling about 10 acres. The average speed of the UAV during this flight was about 4 

meters/second.  

Grid missions in Pix4D Capture were used to conduct flights. The Phantom 3 Pro 

UAV came loaded into the application already as well as the Sequoia camera. Settings 

associated with that including speeds and photo size were already loaded into the app. 

Other customizable settings selected included overlap, picture trigger mode, drone speed, 

and ignoring homepoint. Image overlap is used to help provide enough tie points on the 

ground so the images could be mosaicked. Front overlap refers to the top and bottom of 

each image which also correlates with the direction the sensor is moving. Side overlap is 

controlled by the distance of the rows from each other when going back and forth over 

an area. Front overlap between imagery was set at 80% and side overlap was set to 65%. 

The front overlap settings controlled when the app would actually trigger the shutter on 

a compatible camera. However, since the application does not communicate with the 

Sequoia camera, this setting did not contribute to image collection. The side overlap 

controls how far apart the rows in the flight plan are. Rows were about 40 meters apart 

in the 100 meter altitude flights and about 8 meters apart in the 30 meter altitude flights.  

Picture trigger mode was set to ‘fast mode’ which allowed the UAV to keep 

moving while taking photos instead of stopping to take each one. Early testing for this 

study showed that flights using the ‘Safe Mode’ for picture triggering covered at least 

50% less area. However, image quality did not seem to improve at the same rate with the 

more supposedly stable trigger mode. The drone speed was kept at the default setting of 

medium for this study. 

The ‘Ignore Homepoint’ setting was set to ‘No’ for safety reasons. This requires 

the UAV to remain within about a quarter mile of the take-off point. By ignoring the 

home point, the UAV could potentially fly out of the study area and become lost. In some 

cases, this is a viable option, but the study area for this project was small and accessible 

enough to move the lift off point to remain in constant visual contact with the UAV 

throughout all of the flights. Early versions of the application limited flights to the 

estimated battery length and required setting up two separate flight plans. In early 2018, 

the option to create a flight plan longer than the battery life was made available. When 

the UAV reached 25% battery life remaining, it would automatically pause the mission 
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and return to the start point for the battery to be changed. Then the UAV could lift off 

again from the same or new location and continue the mission.  

Once the Micasense mount was hooked up to the UAV, the Sequoia camera was 

clamped into the mount and plugged into the mount for power and to connect it to the 

sunshine sensor which was located on a mast elevated above the UAV body and 

propellers. The angle of the Sequoia was adjusted manually before taking off depending 

on the flight speed in order for it be pointed straight down. As the UAV goes faster, it 

pitches down so the propellers can grab more air to move forward. At the highest speed, 

which also corresponds to the highest altitude, the UAV could pitch as much as 30 

degrees forward. The angle of the Sequoia camera had to be adjusted to take this into 

account. For the 60 meter altitude flights, the camera was tilted up about 15-20 degrees. 

For the 30 meter altitude flights, the camera was tilted up 5 degrees of less. Determining 

the angle of the camera proved difficult as the angle of the drone could change based on 

whether or not it was flying into the wind or not. This was mostly avoided by flying on 

light wind days, but still remained an issue throughout the data collection period. 

The image capture settings for the Parrot Sequoia could only be adjusted after the 

camera was mounted and the UAV turned on. In these settings, the time-based trigger 

method was selected. This option determines the front overlap of the images. 80% was 

selected for all flights which meant the Sequoia camera was being triggered about 1.1 

seconds each flight. All of the sensors were active, therefore would capture an image 

each time the camera was triggered. The shutters for each sensor were triggered on 

average a little over 500 times for both of the 100 meter altitude flights each month and 

around 600 times for each of the lower flights.  

With 5 sensors being active (G, R, RE, NIR, RGB) for each flight, this resulted 

in over 10,000 photos being taken each month in the study. The single-band sensors save 

images in as TIFF’s while the RGB sensors save images as JPEG’s. Each of the single-

band and RGB images averaged at least 2 megabytes totaling to around 20 gigabytes of 

images each month. The Sequoia camera has 64 gigabytes of internal memory built in, 

but the sunshine sensor has a SD card slot for holding more photos. All images for this 

study were saved into the internal memory of camera. 
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Federal Aviation Administration (FAA) regulations listed in Part 107 initially did 

not restrict flights over the site as it is more than 5 nautical miles away from the tower at 

nearest controlled airport in Lubbock. The site is located near two hospital heliports. 

These alone did not restrict flights, but they did require extra precautions be taken during 

flights. A few cases called for flights to be paused mid-mission while a low flying 

helicopter was approaching and departing the hospital a half mile south of the study site. 

During all flights, visual contact was kept with the UAV. In many cases, being able to 

maintain audio contact, or hearing the UAV flying was also done. 

Rule changes in fall 2018 began completely restricting flights over portions of 

the rangeland while limiting flights to 100 feet over other small portions. Waivers will 

need to be obtained in order to maintain the flight program established in this study. 

Fortunately, all of the flights for this study were completed before those changes took 

effect. I received a Remote Pilot license as described in Part 107 of the Federal Aviation 

Administration (FAA) regulations in spring 2018 and acted as remote pilot in command 

for all flights. A license is not required for operating non-commercial based UAV 

operations, however having one provides the operational knowledge of all regulations 

and safety established by the FAA. In all of the months but June 2017, a separate person 

acted as visual observer (VO) during flight operations. The UAV itself was also 

registered with the FAA in spring 2017 before the study began. 

 

2.4 Data processing 

To begin processing the data, the images from the Sequoia camera are accessed 

back in the lab. The camera saves images from each flight in separate folders. In each of 

the folders, all of the images from each sensor are together, however the single-band 

images are given a JPEG extension while the RGB images are given a TIFF extension. 

The images that were taken at the same time (when the camera was triggered) are given 

the same file name which includes the date and a unique image ID. However, the sensor 

is identified at the end of each file name. This allows for the files to be queried if only 

one sensor is desired for further analysis. These images are then brought into Pix4D 

Desktop for processing (Figure 16). 
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A unique Pix4D project was created for single-band images and for RGB images 

for each flight. The software requires multispectral data and RGB imagery to be 

processed separately. For each of the flights, a first and last image was selected for 

analysis. Due to the way the Sequoia’s triggering method, photos are taken immediately 

after it is activated while the UAV is still sitting on the ground. To eliminate photos 

before and after the flight plan, the first and last image of the flight plan is identified in 

the flight’s folder. In Pix4D, the RGB images were processed first. Those geotagged 

images selected from the desired area are dropped into the Pix4D project. For the 100 

meter altitude flights, images from two folders were selected for processing due to the 

area covered being done by two flights. The default coordinate system of WGS 84/UTM 

Zone 14 was used at this point through the rest of the project. For the RGB images, a 

customized template was used for processing. The only change to this template included 

mosaicking tiles that are created in larger data sets. This included creating a mosaicked 

true-color geoTIFF and a digital surface model.  For the single-band images, all four sets 

of single-band images were processed together. Like before, the same coordinate and 

projection system was used. A customized template multispectral processing template 

was used. Features added to this processing included removing the creation of a digital 

surface model, but adding the creation of a NDVI raster. 

At this point in the processing, customized image calibration can take place. If 

the sunshine sensor wasn’t used or using some other source of calibration, a manual 

calibration can be applied to each sensor’s images that accounts for sun irradiance. The 

outputs from this processing are five unique geoTIFF’s: green, red, red-edge, near-

infrared, and NDVI. In both cases of the RGB and single-band images, the images are 

unclipped to any boundary. Their limit is what the camera was able to capture in photos 

on the edges of the flight plan. 
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Figure 18 – Screen captures from Pix4D mobile and desktop applications. Setting up a 

mission in the mobile app (top left). Individual photos mosaicked in the desktop 
program (top right). Resulting NIR image (bottom left). Final NDVI map (bottom 

right).  

 

A quality report is created from each Pix4D project that list details about the 

processing. Some details in the report include image calibration, overlap, and number of 

tie points (Figure 19). One of the issues found early in the testing process with the UAV 

and the Sequoia camera was the rolling shutter with the RGB sensor. A rolling shutter 

can provide a high-resolution image because it uses more of a scanning process when 

taking a photo. However, when this technique is applied to a moving UAV, it can create 

distorted images. This distortion is evident in the report for nearly all of the RGB images. 

The report is able to show the average camera displacement occurring during each photo 

being taken and the average time it took for each photo to be completed (Figure 20). For 

this reason, the RGB imagery was not used further in the analysis expect for helping with 

ground-truthing points for accuracy assessment. 
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Figure 19 – Map from Pix4D showing image overlap (left) and the image capture 

locations over study site (right) 

   
Figure 20 – Diagram from Pix4D showing movement of camera mounted on UAV 

during each image trigger (left). Comparison of RGB rolling shutter of Parrot Sequoia 
and RGB global shutter with DJI camera. 

 

The rest of the data processing took place in ArcMap. Each flight’s 5 raster 

images were brought and stacked using the Composite Bands tool creating a new 5 band 

raster. Bands 1 through 5 were green, red, red-edge, near-infrared, and NDVI 

accordingly. The new rasters were then clipped using the Clip (Raster) tool to an outline 

representing their corresponding flight altitudes. This eliminated most issues of the 

images not having enough tie points. 
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2.5 Image Segmentation 

Image segmentation was run on each of the stacked raster images using the 

Segment Mean Shift tool. After some initial testing with the tool, the settings within the 

tool were selected and used for every stack for each flight. The three values selected in 

the segmentation tool were 18 for spectral detail, 15 for spatial detail, and 10 for 

minimum segment size in pixels. Spectral and spatial detail are chosen from a scale of 1 

to 20. The higher the spectral detail value that is selected, the more the difference in 

spectral values is highlighted in between targets in the image. This study aims to 

discriminate between plant species, so a high value was chosen. Spatial detail evaluates 

the distance between features in an image. A higher value favors small and clustered 

features in imagery, much like what occurs with mesquite at the study site. The minimum 

segment size sets a minimum patch size. This eliminates lone pixels within a feature that 

are different. A value of 20 was selected based on the apparent resolution of the imagery. 

Observed resolution for the 100 meter altitude flights was about 10 centimeters while the 

30 meter altitude flights were about 3 centimeters. The segmentation process with these 

settings will assign new similar pixel values to those within about 2 meters in the 100 

meter altitude imagery and around half a meter in the 30 meter altitude imagery. 

  

2.6 Classification Methods 

With the stacked raster images from each flight now segmented, training sites 

were created for each image (Table 5). In most cases, the images lined up on top of each 

other enough to allow for the training sites to be re-used across multiple images. 

However, some shifting did not allow to simply use the same shapefile across all images. 

There were also changes in the landscape that meant a training site in one image would 

not represent the same feature in another. For instance, a mesquite canopy may have 

covered more pixels in a later image. The same number of training sites were used for 

each of the different flight altitudes though. In the 100 meter altitude images, 20 different 

vegetation classes were identified. In the 60 and 30 meter altitude images, 15 different 

classes were identified. Training sites were drawn manually into a new shapefile using 

the Training Sample Manager in the Image Classification toolbox.  
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Using the completed training sites from each raster stack, each of the four 

classification algorithms (Maximum Likelihood, Random Trees, Support Vector 

Machine and Isodata) were applied to the newly created segmented raster for each flight. 

Three of the four tools in ArcMap allow the user to set certain values that can cater to the 

data be classified. These values were used for all seasons and altitudes.  

 

Table 5 – Training classes for each of the UAV flight altitudes 

100 meter altitude 
training classes 

60 meter training 
classes 

30 meter training 
classes 

Bare Soil Bare Soil Bare Soil 
Basketflower Basketflower Basketflower 
Blue Grama Blue Grama Blue Grama 
Buffalo Gourd Buffalo Gourd Buffalo Gourd 
Caliche Road Caliche Road Caliche Road 
Catclaw Mimosa Catclaw Mimosa Catclaw Mimosa 
Elm Elm Elm 
Feathergrass Feathergrass Feathergrass 
Forb Unknown Forb Unknown Forb Unknown 
Grass Unknown Grass Unknown Grass Unknown 
Honey Locust Honey Locust Honey Locust 
Honey Mesquite Honey Mesquite Honey Mesquite 
Playa Central Tree Unknown Tree Unknown 
Playa Edge Water Tank Water Tank 
Playa Midlevel Yellow Bluestem Yellow Bluestem 
Playa plant     
Tree Unknown     
Water Tank     
Willow     
Yellow Bluestem     

 
In the Random Tree classifier tool, options for setting the maximum number of 

decision trees, tree depth, and the number of samples per class are available. A higher 

number of trees and tree depth can increase accuracy, but only to a certain point 

depending on the data be classified. A higher number of samples means the classifier will 

look at more pixels to make a decision on what to classify specific pixels. A higher 

number also takes longer to process, depending on the size of the image being classified. 

Based on some early testing, it was decided to set the max number of trees to 100, leave 
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the max tree depth at its default value of 30, and reduce the max number of samples per 

class to 500. 

Support Vector Machine classification also allows the user to set the maximum 

number of samples per class. For this study, the value was left at the default value of 500. 

Iso Cluster classification allows the user to adjust five values to better serve the 

imagery being classified without training sites. Based on some early testing, the 

following values were used. The maximum number of samples was 30. The maximum 

number of iterations for the cluster process was set at 20. The maximum number of 

cluster merges per iteration was set at 2. The max merge distance was 0. The minimum 

number of samples per cluster was 20 and the skip factor was 1.  

The Maximum Likelihood classification does not allow user customization 

outside of the training sites.  

For all classifications, the original unsegmented stack was used as an additional 

input raster. This option was selected while running each classifier tool for each flight. 

The output from each of the training tools is an .ecd file that is used in the 

“Classify” tool that creates a new raster file. Each of the supervised classification 

methods produced a raster with classes matching the training sites. The unsupervised 

classifications in all cases produced 30 classes for each image with each being assigned 

an arbitrary number from 0-29. Those 30 classes were manually grouped into new classes 

that best fit into the honey mesquite and yellow bluestem training sites used for the other 

classifiers. This introduced bias into this data, but the purpose of the using this method 

was to get a general idea of how well this classifier could handle the UAV-based imagery. 

Once the new classes were determined for the unsupervised images, all four 

classified images for each month were reclassified using the ‘Reclassify’ tool to turn each 

one into a 3-class image with values of 0, 1, and 2. The classes being 1-honey mesquite, 

2-yellow bluestem, and 0-other. The original training sites included more classes in order 

to be able to discriminate between ground covers better. If three classes had been used 

initially, the classifiers would not have been able to effectively discriminate bare soil 

from other plant species. 
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2.7 Accuracy Assessment 

The Create Accuracy Assessment Points tool was used to create random points 

across each image to measure whether or not a pixel was classified correctly or not 

according to the original image stack and RGB imagery. The classified values were 

selected for the target field. This will assign the class value of 0,1, or 2 from the 

reclassified image to the point shapefile. The ground truth field also in the shapefile is 

given a null value of -1 for all points. 

The stratified strategy for assigning points to classes was set to “Equalized 

Stratified Random”. This distributed the points equally between the three classes in the 

image. There are two other options for the sampling strategy with one being to assign 

points randomly across the image disregarding the amount of area each class takes. The 

other is to create points randomly distributed within each class based on its area covered. 

The equalized method was chosen to provide enough points to the yellow bluestem class. 

Very little of each image was classified as that which meant that class would receive 

much fewer points for accuracy assessment. For the 100 meter altitude rasters, 300 points 

were created for each image putting 100 points for each of the three classes. The 60 meter 

altitude rasters received 75 points per class totaling 225 for the entire image. The 30 

meter altitude rasters received 50 points per class totaling 150 for each image. Using the 

original stacked image or the best RGB images available from the closest season, values 

of 0, 1, or 2 were assigned to the ground-truth field in the point shapefile for each class. 

Ground-truth values were assigned to the classified accuracy points by determining 

whether the point fell on a specific pixel that was inside the perimeter of a Honey 

Mesquite canopy or Yellow Bluestem patch, or another land cover type. 

Accuracy percentages were calculated using the “Compute Confusion Matrix” 

tool on each point shapefile. It generated a .dbf table for each flight listing the user’s and 

producer’s accuracy for each of the three classes. The overall user accuracy was also 

calculated by averaging the individual user accuracies. The Kappa value is also 

calculated in the table. The percentages were loaded into a spreadsheet to determine the 

rankings of season, altitude, and classification method. 

The most accurate classification from each altitude, regardless of season or 

classification method was selected for further analysis of segmentation. The training 
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process was repeated for that specific classification method, however, the input raster in 

the classifier tool was the original unsegmented stack. An additional input raster was not 

selected for these three final classifications. This was done to test the impact of 

segmentation on classifying the imagery. Three new classified images were created with 

one for each altitude. The classification method used previously on the most accurate 

classification was reused. The accuracy values for the non-segmented images were added 

to the accuracy spreadsheet where they could be ranked with the rest of the segmented 

images for comparison. 

Additionally, each of the classifiers were run again on the most accurate season 

without using the additional raster in the classify tool. This was done to remove any tiling 

effects that may have existed in the original image stack that were had not been removed 

by the segmentation tool. The same accuracy assessment was run on those images and 

they were included with the rest of the results for comparison.  

 

2.8 Statistical Analysis 

 A multi-way analysis of variance (ANOVA) was used to determine the statistical 

significance of seasonality and altitude on user accuracies. The user accuracies by 

themselves provide impactful results and can show trends by season and altitude. This 

test was implemented in the open-source software “R” (R Core Team 2018). The results 

table including the user accuracies for mesquite and Yellow Bluestem was loaded into R 

where the ANOVA was implemented using the ‘car’ package. A Tukey’s honestly 

significant difference (HSD) post-hoc test was run to compare the three factors (season, 

altitude, and classifier) and the interaction of season and altitude used in the model.  
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CHAPTER 3 

RESULTS 
3.1 Data Created 

The error matrices created for each classified image list the user’s accuracy, 

producer’s accuracy, and the kappa value. The user’s accuracy for mesquite, Yellow 

Bluestem, “other”, and the average of those together are displayed in Table 6a and Table 

6b. The Kappa value for each classified image is also included in the table. The values 

are listed by season, altitude, and classifier. The classifiers are broken out into the four 

methods used, but also additionally by three cases where a non-segmented image was 

used and also where an additional raster was not used in an attempt to remove tiling 

artifacts in the classified images. Figure 18 shows the calculated user’s accuracies for 

Honey Mesquite and Yellow Bluestem for each altitude and each season. The box plots 

for each species represent distribution of values per season with no consideration of 

altitude or classifier. The bar charts show the average user accuracy for each season at 

each altitude.  

3.2 Effect of Seasonality 

3.2.1 Seasonality Effect on Honey Mesquite 

After completing the accuracy assessments for all of the classified images for the 

four different months, April was found to have the highest user accuracies for mesquite 

followed by June, September, and January. Average April accuracy values across all 

altitudes and classifiers approached 75% followed by June at 60%, September at 55%, 

and January close to 50% (Figure 21). The spectral profiles for the green, red, and NIR 

bands of sample points in mesquite, Yellow Bluestem, Blue Grama, and bare soil in each 

season’s 100 meter-altitude original stacked image are compared in Figure 22. These 

bands, in addition to the narrow red-edge band, were used in the segmentation process 

and ultimately classifying the images. The figure shows that the reflectance values for 

the green and red bands for mesquite were similar to other classes. However, the NIR 

was relatively higher compared to the red band creating much higher NDVI values for 

mesquite than the other classes in summer and especially spring (Figure 23). 
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Table 6a – User accuracy rates for Honey Mesquite and Yellow Bluestem 

Month Altitude Classifier 

‘Mesq’ 
class 
User 
Acc 

‘YB’ 
class 
User 
Acc 

‘Other
’ class 
User 
Acc 

Avg 
User 
Acc 

Kappa 

June 30 ISOC NA NA NA NA NA 
June 30 ISOC-NAR 0.64 0.00 0.88 0.51 0.26 
June 30 MXL 0.34 0.04 0.82 0.40 0.10 
June 30 MXL-NAR 0.32 0.00 0.86 0.39 0.09 
June 30 RT 0.46 0.06 0.82 0.45 0.17 
June 30 RT-NAR 0.62 0.00 0.92 0.51 0.27 
June 30 SVM 0.52 0.02 0.82 0.45 0.18 
June 30 SVM-NAR 0.64 0.00 0.90 0.51 0.27 
June 60 ISOC 0.27 0.08 0.87 0.40 0.11 
June 60 ISOC-NAR 0.48 0.04 0.76 0.43 0.14 
June 60 MXL 0.35 0.11 0.87 0.44 0.16 
June 60 MXL-NAR 0.56 0.13 0.84 0.51 0.27 
June 60 RT 0.41 0.27 0.89 0.52 0.29 
June 60 RT-NAR 0.35 0.09 0.87 0.44 0.16 
June 60 SVM 0.59 0.16 0.84 0.53 0.29 
June 60 SVM-NAR 0.43 0.12 0.81 0.45 0.18 
June 100 ISOC 0.68 0.02 0.83 0.51 0.27 
June 100 ISOC-NAR 0.64 0.00 0.68 0.44 0.16 
June 100 MXL 0.75 0.06 0.83 0.55 0.32 
June 100 MXL-NAR 0.81 0.00 0.69 0.50 0.25 
June 100 RT 0.78 0.10 0.81 0.56 0.35 
June 100 RT-NAR 0.81 0.03 0.71 0.52 0.28 
June 100 SVM 0.68 0.09 0.90 0.56 0.34 
June 100 SVM-NAR 0.83 0.04 0.72 0.53 0.30 
Sept 30 ISOC 0.14 0.00 0.80 0.31 -0.03 
Sept 30 MXL 0.38 0.02 0.90 0.43 0.15 
Sept 30 RT 0.50 0.04 0.82 0.45 0.18 
Sept 30 SVM 0.24 0.00 0.90 0.38 0.07 
Sept 60 ISOC 0.21 0.04 0.81 0.36 0.03 
Sept 60 MXL 0.56 0.05 0.81 0.48 0.21 
Sept 60 RT 0.55 0.07 0.97 0.53 0.29 
Sept 60 SVM 0.53 0.09 0.91 0.51 0.27 
Sept 100 ISOC 0.58 0.03 0.89 0.50 0.25 
Sept 100 MXL 0.71 0.09 0.68 0.49 0.24 
Sept 100 RT 0.66 0.28 0.89 0.61 0.42 
Sept 100 RT-NS* 0.69 0.01 0.72 0.47 0.21 
Sept 100 SVM 0.67 0.07 0.88 0.54 0.31 
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Table 6b – User accuracy rates for Honey Mesquite and Yellow Bluestem 

Month Altitude Classifier 
Mesq 
User 
Acc  

YB 
User 
Acc 

Other 
User 
Acc 

Avg 
User 
Acc 

Kappa 

January 30 ISOC 0.56 0.00 0.86 0.47 0.21 
January 30 MXL 0.40 0.00 0.78 0.39 0.09 
January 30 RT NA NA NA NA NA 
January 30 SVM 0.46 0.06 0.86 0.46 0.19 
January 60 ISOC 0.43 0.15 0.85 0.48 0.21 
January 60 MXL 0.55 0.17 0.87 0.53 0.29 
January 60 RT 0.72 0.31 0.85 0.63 0.44 
January 60 SVM 0.47 0.32 0.93 0.57 0.36 
January 100 ISOC NA NA NA NA NA 
January 100 MXL 0.64 0.05 0.65 0.45 0.17 
January 100 RT 0.50 0.10 0.79 0.46 0.20 
January 100 SVM NA NA NA NA NA 
April 30 ISOC 0.50 0.00 0.80 0.43 0.15 
April 30 ISOC-NAR 0.56 0.00 0.90 0.49 0.23 
April 30 MXL 0.64 0.02 0.86 0.51 0.26 
April 30 MXL-NAR 0.60 0.00 0.84 0.48 0.22 
April 30 RT 0.84 0.76 0.88 0.83 0.74 
April 30 RT-NAR 0.66 0.26 0.86 0.59 0.39 
April 30 SVM 0.88 0.08 0.88 0.61 0.42 
April 30 SVM-NAR 0.70 0.10 0.80 0.53 0.30 
April 30 SVM-NS* 0.54 0.00 0.88 0.47 0.21 
April 60 ISOC 0.56 0.12 0.93 0.54 0.31 
April 60 ISOC-NAR 0.63 0.12 0.87 0.54 0.31 
April 60 MXL 0.76 0.12 0.92 0.60 0.40 
April 60 MXL-NAR 0.71 0.04 0.89 0.55 0.32 
April 60 RT 0.75 0.19 0.89 0.61 0.41 
April 60 RT-NAR 0.69 0.13 0.84 0.56 0.33 
April 60 SVM 0.81 0.19 0.95 0.65 0.47 
April 60 SVM-NAR 0.77 0.17 0.88 0.61 0.41 
April 60 SVM-NS* 0.59 0.09 0.89 0.52 0.29 
April 100 ISOC 0.78 0.04 0.86 0.56 0.34 
April 100 ISOC-NAR 0.76 0.01 0.86 0.54 0.32 
April 100 MXL 0.88 0.00 0.76 0.55 0.32 
April 100 MXL-NAR 0.83 0.18 0.89 0.63 0.45 
April 100 RT 0.60 0.32 0.86 0.59 0.39 
April 100 RT-NAR 0.87 0.18 0.79 0.61 0.42 
April 100 SVM 0.73 0.04 0.86 0.54 0.32 
April 100 SVM-NAR 0.70 0.12 0.87 0.56 0.35 

RT= Random Tree, SVM= Support Vector Machine, MXL= Maximum Likelihood,             
ISOC= Iso Cluster, NS*= Non-segmented, NAR= No Additional Raster 
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Figure 21 – Graphs showing accuracy rates per season, altitude for Honey Mesquite 

and Yellow Bluestem 
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NIR reflectance values for mesquite were 0.24 in the spring and 0.18 in June. 

Mesquite was one of the first plant species at the site to show leaves emerging as early 

as March on some individuals. The relative dry period from November 2017 to May 2018 

(Figure 9) was likely attributed to the relatively high NDVI values (greenness) in 

mesquite versus other classes. Mesquite’s deep root system can adapt to drought, thus 

enabling it to maintain some sort of regular seasonality where a species like Blue Grama 

struggles to show its leaves without water closer to the surface. In late fall, mesquite 

begins to lose its canopy of green leafy biomass decreasing its NIR reflectance values in 

the winter. The corresponding NDVI value in January is 75% less than the rest of the 

year. The September values were impacted by multiple rainfall events exceeding one 

inch which helped mesquite “green up” late in the season. However, the rain was likely 

detrimental to the classification process in that all plant species at the site also “greened 

up” creating a much more homogeneous mix of higher NIR reflectance values and 

corresponding NDVI values. Short, but high intensity rain events like what happened 

during the study period in late summer and early fall 2018 are typical for this region. 

Figure 24 shows a zoomed in view of the 100 meter classified images in all four seasons. 

Mesquite mapping accuracy varied across the site as shown in the accuracy heat 

map in Figure 25. Correctly classified points are more abundant and widespread in the 

spring and summer images creating more green in those maps. The red areas refer to the 

playa lake where a few points were wrongly classified as mesquite despite no training 

sites in that area. The other area of fewer accuracy points in the north-central portion of 

the site corresponds to a lower-lying area that drains water from the adjacent street and 

the site itself. Mesquite density in this area is lower, but species diversity is higher 

because of the moisture more available closer to the surface compared to the rest of the 

study site. The fall accuracy map begins to show more areas with less accuracy around 

the playa and low-lying area in the northern half. Winter accuracy was limited to areas 

of highest mesquite density and lowest species diversity.  



Texas Tech University, Matthew Jackson, May 2019 

46 

 
Figure 22 – Spectral profiles of Honey Mesquite, Yellow Bluestem, Blue Grama, and 

Bare Soil for each season. B1- Green, B2- Red, B3- NIR 
 

 
Figure 23 – NDVI values for Honey Mesquite, Yellow Bluestem, Blue Grama, and 

Bare Soil for each month. 
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Figure 24 – Random Tree Classification at 100 meter flight altitude by month 

(Mesquite-green, Yellow bluestem-pink) 
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Figure 25 – Kriging maps showing accurate vs non-accurate classified mesquite points 

for each month at 100 meter altitude. Green areas reflect higher accuracy. 
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Figure 26 – Kriging maps showing accurate vs non-accurate classified mesquite points 

for each altitude in the month of April. Kriging maps are transparent to show actual 
ground cover. Green areas reflect higher accuracy. 

 

3.2.2 Seasonality Effect on Yellow Bluestem 

User accuracies for Yellow Bluestem were much lower compared to mesquite 

with average values for each month captured below 20%. Overall, April was the most 

accurate, but not by much over January. Lower accuracies are most likely due to the lack 

of samples at the site and training sites used for classification. The spectral profiles in 

Figure 22 show the Yellow Bluestem reflectance values for green, red, and NIR bands. 

Yellow Bluestem had the highest NDVI values in September and January (Figure 23). 

This old-world bluestem adapted to cooler climates in Eastern Europe and perhaps 

responds, or tolerates, the cooler weather better than other native species at the site. It 

has higher NDVI values than the native Blue Grama found at the site in every season. 

The clump forming grass grows taller and thicker which causes a thicker biomass canopy 

between the sensor and the soil than the native grass which allows more absorption of 
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red light and reflectance of near-infrared light. The September values in particular further 

support the idea that Yellow Bluestem outperforms native grasses in the Texas 

panhandle. The high-intensity rainfall events that occurred at the site in the month leading 

up to the early fall flights allowed all of the vegetation to “green up” at the site. In that 

month’s image though, both Yellow Bluestem and Blue Grama responded to those 

rainfall events with their highest NDVI values in the study. Yellow Bluestem’s NDVI 

value was nearly 60% higher than the native grama grass. Despite the dismal accuracy 

values, the seasonality results of Yellow Bluestem still provide some insight compared 

to one of the most prominent native grass species in the Texas panhandle.  

 

3.3 Effect of UAV Altitude 

3.3.1 UAV Altitude Effect on Honey Mesquite 

The change in UAV height controls the spatial resolution of the image used for 

classification. As shown in Table 2, the resolution of the Parrot Sequoia monoband 

sensors used in this study varies from just under 4 centimeter/pixel at an altitude of 30 

meters to over 12 centimeter/pixel at 100 meter altitude. In the case of this study, altitude 

also controlled the area covered for each classified image. The highest altitude covered 

the entire site of 135 acres while the 60 meter and 30 meter altitude flights only covered 

25 acres and 8 acres. The density of vegetation changed relative to the size of the image, 

but the same process of training and classifying was used for all three altitudes.  

User accuracy for mesquite increased as the UAV altitude increased. The average 

user accuracy at 30 meter and 60 meter altitudes were similar at 53% and 55% 

respectively. However, the average at 100 meter altitude was 72%. Figure 20 shows a 5-

acre area that fell within the boundaries of all three flight altitudes using the RT-NAR 

classifier. The mapping accuracy of mesquite for these images were 87%, 69%, and 66% 

for the 100, 60, and 30 meter images. Each of the images had the same segmentation 

process applied to them to help group pixels together to reduce noise. However, the 

resolution was so high in the lowest altitude flight that it was able to detect and classify 

other targets in between mesquite branches and leaves despite segmentation. As 

resolution decreased with increased altitude, it began to group the pixels together within 

a canopy to make a single unbroken patch of mesquite for each plant. An accuracy heat 
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map of the same area of the site at different altitudes was generated to show the variability 

in mesquite mapping accuracy across the site (Figure 26). The classified images of that 

same area at different altitudes are shown in Figure 27. 

 
Figure 27 – Random Tree Classification by flight altitude in the April imagery 

(Mesquite-green, Yellow Bluestem-pink) 
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3.3.2 UAV Altitude Effect on Yellow Bluestem 

UAV altitude for Yellow Bluestem was more varied because of the distribution 

of the grass. At the time of the study, it was limited to a few small patches along the roads 

and in the research plots on the east side. The number of training sites per acre peaked in 

the 60 meter altitude flight that covered the largest patches. The 100 meter flight covered 

the same patches, but also much more area overall. The 30 meter altitude covered only 

one small patch which only permitted two training sites. The average user accuracy for 

Yellow Bluestem for each altitude was much less than mesquite, but still showed some 

variability. The lowest flight only had an accuracy of 6% while the highest flight was 

8%. The middle flight at 60 meters had an accuracy of 13%. The different altitudes depict 

a similar pattern to mesquite in that it classified small groups of pixel within larger 

clusters of pixels classified as Yellow Bluestem (Figure 27). Ironically, while the 100 

and 60 meter images classified grass in the image, those images contain none of that 

species. Nearly all of the grass in those images is Blue Grama.  

 

 
Figure 28 - Graphs showing accuracy rates per classifier for Honey Mesquite and 

Yellow Bluestem 
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3.4 Effect of Classifier 

3.4.1 Classifier Effect on Honey Mesquite 

 Using the same training sites for each of the original stacked images, four 

different classifiers were used to offer replication of the data for testing seasonality and 

altitude. However, the data also provides some insight to the classifiers themselves in 

ArcGIS. One of the issues that arose across all of the classifiers was tiling artifacts. One 

of the processes in the ArcGIS segmentation tool is to remove any tiling issues in 

mosaicked images, like what Pix4D creates with UAV images. One of the options in the 

‘training classifier’ tool is to select an additional raster that can provide more input into 

classifying pixels. The original stacked image for each season and altitude was used as 

an additional raster in all of the classified images. Those original images were inserted 

before the segmentation process, therefore before any tiling removal process could occur. 

A handful of the final classified images resulted in large portions of the image being 

classified as mesquite creating an issue with some of the user accuracies. In an attempt 

to correct the issue, the months of April and June, when vegetation detection performed 

the best, were processed again without using an additional raster. These values in Table 

5b and 5b are noted with NAR for “no additional raster”. This appeared to remove tiling 

effects in most cases, however it did not work for all of the images. After a few tests on 

winter images, the tiling effects remained and it was decided to forego further attempts 

in the lower performing seasons.  

 When combining all of the available classified data for mesquite, regardless of 

the use of an additional raster, the Random Tree (RT) classifier performed the best with 

an average user accuracy of 64%. Support Vector Machine (SVM) followed with 62%, 

while Maximum Likelihood was 60%, and Iso Cluster was 53% (Figure 28). The 

machine-learning type classifiers of RT and SVM did outperform the traditional MXL 

and the unsupervised method, ISOC. Their ability to dig deeper into the data using 

decision trees or advanced equations proved to be generally more effective than using a 

more simpler clustering algorithm or neighbor analysis used in the ISOC and MXL 

classifiers. Maps showing using each of the four classifiers from the best season (spring) 

and altitude (100 meter) are shown in Figure 29. The RT-NAR user accuracy for that 

image was the second highest user accuracy in the study at 87%, however SVM-NAR 
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performed worse than MXL-NAR and ISOC-NAR in this case. This season and altitude 

proved to be the best performing image overall and may explain why the unsupervised 

classification equaled and exceeded the accuracy of other classification methods. The 

combination of season and altitude provided the best contrast between mesquite and the 

other classes in the image. The best ISOC images, using an additional raster or not, was 

spring at 100 meters altitude. For all the classifiers, not using an additional raster 

increased average user accuracies for mesquite in spring and summer by nearly 15%. The 

tiling effects and using the original non-segmented image appeared to have a detrimental 

effect on mapping mesquite accurately. 

 

 
Figure 29 – Four different classifiers in spring at 100 meter altitude 

(Green-mesquite, pink-Yellow Bluestem) 
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3.4.2 Classifier Effect on Yellow Bluestem 

 As stated before, user accuracies for Yellow Bluestem were low, but the highest 

values belong to the RT at 18% and SVM at 9% (Figure 28). MXL and ISOC followed 

at 6% and 4%. RT and SVM are able to offer better results with fewer training sites which 

corresponds to findings in the literature (Dixon & Candade 2008, Pal & Mather 2003, 

and Huang et al 2002). RT and MXL mapped Yellow Bluestem with 18% accuracy while 

SVM followed at 12%. ISOC only classified 1 out of 100 accuracy points correctly as 

Yellow Bluestem. The unsupervised classification was unable to differentiate the non-

native grass species from other grasses at the site, even when separating the image into 

30 classes. The three supervised classification methods benefitted from the use of training 

sites, especially in the grass plots on the eastern edge of the site. The MXL classifier was 

not able to differentiate Yellow Bluestem from other species in more species rich areas 

as shown by the pink area in the northern and central portion of the site. The deep decision 

trees used by RT were able to sort through pixels in those areas and more effectively 

classify them, or in this case, not map them as Yellow Bluestem.  

  

3.5 Segmentation Effect 

 Segmentation was not specifically targeted in this study, but some evidence of its 

effect was found in the classified images not using an additional raster. To further 

evaluate segmentation, the classified images with the image with the best overall user 

accuracies from each altitude were classified again, but only with the original stacked 

non-segmented image. Only images using an additional raster were considered for this 

analysis in order to evaluate the impact of using a segmented and non-segmented image 

versus using only a non-segmented image. The RT image from spring at 30 meter altitude 

had the highest overall user accuracy at 83%, which is nearly 20 points higher than the 

next best image. This outlier was not used for this test in order to avoid possible errors 

than occurred with that image. The non-segmented values are listed with the rest of the 

data in Table 5a and 5b and noted with “NS*” for non-segmented. The best 100 meter 

altitude image occurred in the fall using the RT classifier. The best 60 and 30 meter 

altitude images was in spring at using the SVM classifier.  
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Mesquite user accuracy without using a segmented image decreased about 40% 

at 30 meter altitude and 30% at 60 meter altitude. However it increased 5% at 100 meter 

altitude. This shows the impact segmentation has on high resolution imagery. The lowest 

altitude images display much of the noise and heterogeneous cover that occurs in nature. 

As pixel size increases to the size of a mesquite leaf and beyond, it begins to classify the 

tree canopy as a single class. Segmentation had a much greater effect on those noisy, 

low-altitude images versus the 100 meter altitude image that already is generating larger 

segments composed of multiple pixels. 

 Yellow Bluestem user accuracy decreased across all altitudes without 

segmentation. The best 100 meter altitude image went from 28% accurate to 1% accurate 

for the grass species. At 60 meters, accuracy reduced from 19% to 9%. At 30 meters, the 

best classified image went from 8% to 0%. These strong declines are likely caused by 

the limited training sites, but also by the fact that the classifier couldn’t more effectively 

use whole patches of Yellow Bluestem as a training samples. The 60 meter image likely 

suffered the least because it has the most training sites per image size, but user accuracy 

was still cut in half.    

 

3.6 Statistical Evidence of Effects 

 A multiway ANOVA provided statistical evidence of the interactions of these 

factors of season, altitude, and classifier. The ANOVA was only run for mesquite since 

the data was normally distributed. There was more variability in the Yellow Bluestem 

values and they average user accuracy was below 25%. With the values that low for the 

grass species, it was decided to not perform any additional tests on the data. For the 

purpose of this analysis, all of the accuracies reported for the classifiers were grouped 

into the classifier name. In the cases where a non-segmented image was or an additional 

raster was not used, those values were grouped into the classification methods of RT, 

SVM, MXL, or ISOC as well. Five different models utilizing altitude, season, and 

classifier were developed.  These models were compared to each other to determine 

which could produce the least residual sums of squares. The final chosen model 

(Equation 1) was significant at 95% level with the lowest residual sums of square (0.62) 

(Table 7). 
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Equation 1: Mesquite User Accuracy = 

Season + Classifier + Altitude + Season * Altitude + error 

 

The results show that the P-value for every independent variable and interaction 

tested is significant with values under 0.05. The P-value is less than .001 for the 

interaction of season and altitude meaning that 99% of values were impacted by those 

combined factors. Season and altitude alone each were significant with P-values less than 

0.001. The classification method also proved to be significant with a P-value of 0.019. 

 

Table 7 – Multiway ANOVA table for the best model (Equation 1) predicting mesquite 
user accuracy 

  Df Sum Sq Mean Sq F value Pr(>F)   
Classifier 3 0.1185137 0.03950455 3.57337 0.0194861 * 
Season 3 0.5222987 0.17409957 15.74813 1.52E-07 *** 
Altitude 2 0.5442364 0.27211822 24.61439 2.14E-08 *** 
Season x 
Altitude 6 0.2212403 0.03687338 3.33537 0.0070304 ** 
Residuals 56 0.619094 0.01105525       
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1     

 

Table 8 – Mean values table using Tukey’s (HSD) Test for mesquite user accuracy 

Altitude Season Classifier 

30 (0.5278ᵃ) Summer (0.5635ᵃ) RT (0.6367ᵇ) 
60 (0.5492ᵃ) Fall (0.4938ᵃ) SVM (0.6200ᵃ) 

100 (0.7209ᵇ) Winter (0.5256ᵃ) MXL (0.5994ᵃ) 
  Spring (0.7054ᵇ) ISOC (0.5263ᵃ) 

xᵃ=not significant, xᵇ= significant   
 

A Tukey’s Honest Significance Difference test was run to determine the 

significance of each altitude, season, and classifier on mesquite user accuracy on the 

overall values in the ANOVA model (Table 8). This test was used because the values are 

normally distributed and variance is equal within each group.  The results of the test show 

that only the 100 meter altitude was significant of the three altitudes. Spring was the only 
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season with significance on the accuracy values. The Random Tree classifier was the 

only significant method of classifying mesquite in the imagery.  

The highest altitude and its associated resolution proved to be most effective at 

determining mesquite canopies based on the reflectance values. With mesquite’s leafing-

out earlier in the spring than other species at the site, the classifiers were able to detect 

those higher NDVI values and effectively divide those mesquite pixels from the other 

classes. The impact of each classifier was less as shown by the values in the Tukey’s 

Test, but the decision tree classification process proved to be the best at detecting 

mesquite and discriminating it from the rest of the classes in the image. 
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CHAPTER 4 

DISCUSSION 
4.1 Benefits of the system 

 Using a UAV-based system offered several benefits over traditional imagery 

sources. The first benefit was the ability to simply capture and process the imagery 

efficiently. Pix4D, the software used to fly the UAV and process the images worked as 

expected in most cases. It worked with the UAV and was able to be flown automatically 

at various altitude and over different size areas.  

Another benefit was the capability to fly over the study area on a regular basis. 

This particular study was only concerned with one set of flights per season, but it could 

easily be done on a monthly, weekly, or even daily basis if weather conditions are 

favorable. Other high resolution imagery sources like NAIP are limited to every few 

years. Lower resolution images like Landsat can be done monthly, but may be subjected 

to cloud cover or other issues that can cause imagery to be unusable. With a UAV, it 

could be flown the next day if an issue arises. Other space-borne imagery from the private 

sector with higher resolution captured more frequently are becoming more available, but 

they also are subjected to the same issues as Landsat. That imagery will also cost users 

more of their budget.  

 The spatial resolution of the UAV system exceeded any available multispectral 

imagery free to the public. The high resolution was able to detect single mesquite trees 

whereas comparative NAIP multispectral imagery would likely miss individual trees or 

struggle to differentiate multiple species within a square meter. The three flight altitudes 

tested in this study proved to be effective in detecting mesquite trees on rangelands. At 

the highest altitude, the UAV was able to cover the entire site of 135 acres and provide 

useable imagery.  

 The machine learning classifiers in ArcGIS offered better accuracy results than 

other methods. Their ability to use few training samples with the lower altitude images 

covering less was beneficial despite those altitudes offering lower accuracy overall. 

Additionally, image segmentation did improve those lower altitude images helping 

eliminate some of the noise.  
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4.2 Drawbacks of the system 

There were also some issues that arose with using a UAV in this study. Most of 

the issues stem from the relatively new technology that is still evolving. This caused 

some compatibility issues with the UAV and flight software on occasion. One some 

occasions the UAV would have to be rebooted multiple times before a flight because the 

flight application would not sync with the UAV or the mobile phone could not connect 

to the WIFI network of the Parrot Sequoia. This caused delays and frustration in the field. 

Since the technology is new, troubleshooting resources online were limited. The UAV 

firmware and Pix4D mobile application needed to be updated together in some cases. If 

the mobile application was updated, it would not connect with the UAV as normal. The 

technology from different manufacturers is still evolving and being improved, but it can 

create issues for some of the pioneer users.  

Another major issue with the Parrot Sequoia was the rolling shutter of the true-

color sensor. The rolling shutter caused large amounts of distortion in most of the RGB 

images. This had a detrimental impact on processing imagery from that sensor throughout 

the study. This is known issue in the remote sensing community on UAV and airplane-

base cameras (Vautherin 2016). Algorithms have been developed to help eliminate 

distortion, but those were not tried in this study as the focus was mostly on the single-

band sensors capturing red and near-infrared light. Had the imagery been useable, it 

would have been used in the image stack. The blue band also could have been extracted 

from the true-color image and used for an Enhanced NDVI calculation which is often 

used to detect moisture content.  

Another issue with the images were that they did not perfectly align with each 

other. There was always small portions of the images within each season and within each 

altitude that didn’t line up precisely. The higher resolution of the imagery further 

aggravates that problem. This increased the time needed to create training sites within 

the images as the exact same GIS layer could not be used across all images. In some 

instances, the training sites needed to be adjusted to correct for any relative movement 

of features in the images. This issue would hamper using ground-truth points from the 

field since GPS points may not correspond to the same point on an image. 
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In August 2017, the GPS chip in the Parrot Sequoia sunshine sensor stopped 

working for reasons unknown. Images were being captured, but they were not geotagged 

and could not be processed in Pix4D Desktop. This was a significant problem and was 

the reason why the imagery was not used in fall 2017.  

Another issue with flying the UAV was encountering birds during their nesting 

periods. In mid-summer, a pair of Swainson’s Hawks (Buteo swainsoni) were nesting at 

the study site and were flying near the UAV and actually made contact with it on one 

occasion causing it to crash. That was the only instance of that happening, but it is 

important to note that the UAV can be seen as a threat by raptors in the area. 

Temperatures also caused issues in the summer. During the summer flights, 

outside temperatures reached nearly 90 F at the end of the flights. Both, the UAV and 

mounted Parrot Sequoia system draw power from the DJI battery in the UAV. This 

generated heat on an already warm day and caused delays in the field to allow the 

equipment to cool. This was a relatively small issue that only occurred at the lower 

altitude flights where the UAV wasn’t flying as fast, therefore, did not receive as much 

cooling air passing through its vents.  

Federal Aviation Administration guidelines for UAV’s changed during the study. 

Initially, airspace at the study site fell just outside of the 5 nautical mile boundary 

surrounding the control tower at the large commercial airport in Lubbock. However, in 

September 2018, airspace rules changed at the study site with the creation of a grids that 

control flight altitudes of UAV’s. Much of the study site now completely restricts flight 

while other smaller portions are limited to 100 feet altitude. A waiver can be obtained 

through an application process, but is not guaranteed. Application of a waiver will likely 

require additional safety measures in flight operations, including more observers and 

contacting the local Flight Standards District Office.  

This last issue was less about the equipment and more about the site itself. Yellow 

Bluestem didn’t work very well because of its limited distribution across the site and in 

the images. The 30 meter altitude images only had one small patch of YB in it which 

limited training data. The flight areas were determined by battery life which affected how 

much of the grass was captured in the images. More batteries would have allowed for the 
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lower altitude images to collect a larger area, which would have allowed for more training 

sites.   

 

4.3 Comparisons to other studies 

 Mirik and Ansley (2012) carried out a similar study near the Texas panhandle 

using 1-meter NAIP imagery and 30-meter Landsat 5 imagery collected in fall 2008. The 

study covered 800 square kilometers which makes using UAV’s impossible for covering 

the entire area in a reasonable amount of time. Image segmentation and classification 

was done a third party plug-in in ArcGIS, Feature Analyst. It used similar classifiers as 

this study. Both images (1m and 30m) contained 4 bands (blue, green, red, and NIR). 

They were classified into 4 groups: mesquite, grass, bare ground, and ‘other’ using a 

supervised classification.  Accuracy assessment was completed in the field using 365 

random points created across each of the classified images in ArcGIS. In the field at the 

accuracy point, the various ground covers within 1 meter and 30 meters were recorded. 

The mesquite user accuracy found for the 1-meter imagery was 93%. The same accuracy 

for the 30-meter imagery was 84%. The highest mesquite user accuracy observed with 

the UAV was 88% in this study (Table 6a, 6b).  

The difference in the accuracy values comes from the method of determining the 

ground-truth value. The larger study was recording vegetation cover within the distances 

of the 365 accuracy points. That study counted mesquite within a 2 meter wide area for 

the NAIP imagery and a 60 meter wide area for the Landsat imagery. The validation 

design was generalized and not pixel based, which can explain accuracy numbers 

reaching 90%. This UAV-based study did not use ground-truthing in the field, but it did 

use single pixels of around 10 centimeters or less in the high-resolution images for the 

accuracy points. This more specific method of determining whether a single pixel falls 

within a mesquite canopy or Yellow Bluestem patch is subjected to a higher level of 

scrutiny than the more generalized approach used in the larger study. 

Another difference between the larger study and this UAV study was method of 

assigning accuracy points. The larger study used completely random points while this 

UAV-based study used an equalized-random method. In the larger study, 72 and 79 

mesquite accuracy points were used across the area for the NAIP and Landsat imagery 
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respectively. This UAV-based study used 100 mesquite accuracy points at the highest 

altitude and 75 and 50 points for the lower altitudes creating a higher density of points 

per image than the larger study. 

Considering some of these differences, an extra test was run in ArcMap using 

similar methods for the UAV-based imagery. The April 100 meter altitude imagery was 

classified again using only mesquite, grass, bare ground, and ‘other’. The best performing 

accuracy assessment method was equalized-random with a mesquite user accuracy of 

84% and a kappa value of 55% (Table 9). The higher kappa value was a direct result of 

using a combined grass class instead of separate classes for individual grass species. This 

accuracy assessment is the method used in this study and was selected to give an even 

number of points for each classified image regardless of the area mesquite covered.  

Although, this study failed to match the mesquite mapping accuracy levels of the 

larger study, it is important to note the impact of how accuracy is determined. Assessment 

methods can vary by each study based on the amount of area being covered or the spatial 

resolution of the imagery being used for classification. For studies covering larger areas 

at lower spatial resolution, a more generalized accuracy assessment method may be more 

suitable. For UAV-based studies, a pixel-based method can be more suitable because the 

resolution is high enough to see specific features on single plants over a smaller area. 

 

Table 9 – Evaluation of accuracy assessment methods of a 4-class image on spring 100 
meter altitude image using Random Tree-NAR classification 

4 Class Accuracy Assessment 
Accuracy Point 

Sampling 
Method 

Mesquite 
User 

Accuracy 

Grass 
User 

Accuracy 

Bare Ground 
User 

Accuracy 

Other 
User 

Accuracy Kappa 
Equalized 
Random 0.84 0.63 0.68 0.49 0.55 

Stratified 
Random 0.76 0.58 0.7 0.37 0.26 

Random 0.79 0.58 1 0.62 0.25 
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Figure 30 – Proposed planning map using RT-100 NAR 

(Both species manually removed from playa for analysis) 
 

4.4 Implications on future rangelands research 

 The use of UAV’s on rangelands offers unique opportunities for researchers to 

facilitate inventory and monitoring of plant species diversity. A proposed planning map 

of the study site showing the distribution of mesquite and Yellow Bluestem can be 

generated for example (Figure 30). Being able to gather this data regularly can be an 

incredible tool for land managers to track land cover change over time. At the site for 

this study, vegetation surveys have been collected for the last few years, including 
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counting mesquite across the site (Dr. Barnes’ Lab e-DNA surveys conducted by Mark 

Johnson). Comparing the data collected in this study compared to those surveys 

completed in 2016 and 2018 can also be done (Table 10). Those surveys covered 27 – 

200 square meter transects, once in the spring, and again in the fall. The two surveys 

varied by 25% on the number of mesquite counted which gives further reason towards 

finding additional methods of quantifying mesquite on rangelands. When the number of 

average number of mesquite between the two surveys was extrapolated to the entire study 

site, that number estimates 59,600 individual mesquite plants. Areas void of mesquite 

like the playa, research grass plots, and roads were removed from the calculation to get 

that number. According to the most accurate classifier used in this study, the number of 

mesquite was 34,400. Table 11 shows the comparable estimated mesquite per acre counts 

when using an average mesquite size of 1.5 square meters. It’s interesting to note that the 

mesquite count in the two best seasons, spring and summer, only varied by 3.5%. Perhaps 

using UAV-based imagery may offer a less-biased solution to counting mesquite on 

rangelands.  Further data collection over time of imagery along with the ground surveys 

will hopefully close the gap in the variability in those numbers.  

 
Table 10- Mesquite count estimates from Johnson Surveys using average of all surveys 

for each season 
JOHNSON SURVEY RESULTS 

DATE Mesquite per acre 
SPRING 2016 267 

FALL 2016 380 
SPRING 2018 574 

FALL 2018 430 
 

 
Table 11- Mesquite count estimates from UAV surveys using best classification 

method at 100m for each season 
UAV-BASED SURVEY RESULTS 

DATE Mesquite per acre 
SUMMER 2017 278 
WINTER 2018 91 
SPRING 2018 271 

FALL 2018 99 
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Another application for this study is to determine the effectiveness of mesquite 

treatments on rangelands. The reason the summer 2017 imagery was used in this study 

instead of summer 2018 was to be able to measure the change in mesquite before and 

after mesquite removal treatments in winter 2018. Figure 31 shows the treatment area in 

the southwestern portion of the study site which was captured in the 100 meter altitude 

flights. Using the best classifiers from summer and spring, the estimated amount of 

mesquite removed from that area was able to be calculated. This particular study didn’t 

have 100% accuracy and the accuracy varied over the two seasons, but it still clearly 

shows a reduction in mesquite. High resolution, UAV-based imagery can help track these 

changes over time.  

 
Figure 31 – Mesquite treatment evaluation map (left-summer 2017, right, spring 2018) 
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Improvements in automating bulk image processing has become more efficient 

in recent years because of programming scripts being developed by the public. This 

model has been proven to work in detecting deforestation of tropical dry forests (Smith 

et al 2018). A similar process has the ability to be applied to UAV-based imagery 

collection programs that create frequently repeated images like done in this study. Over 

longer monitoring periods, it would be possible to detect growth trends and specific hot 

spots of woody plant encroachment on specific ranches or fields. 

Trending changes in climate suggest a warmer and dryer period coming in the 

next century for this region. This combined with a depleting Ogalla Aquifer that has 

provided water for agriculture for the past century may cause drastic changes in land use 

in the region. For farmers in the Texas panhandle facing this outlook, they may be forced 

to decide to switch their crop from cotton to a more drought-tolerant crop or completely 

abandon their fields. In the latter case, abandoned fields with no established native plant 

species could be at high risk of invasive species taking over. With the availability of long 

term aerial imagery over the study site and a possible long-term UAV-based imagery 

collection program, the Texas Tech University Native Rangeland has the potential to 

become a vital source of research on mesquite invasion on the southern high plains.  

This study also is the beginning of a permanent record of the beginning of 

mesquite treatment at the study site in 2017. Like the traditional surveys that have been 

done at the site throughout the years, there is now a high-resolution, multi-spectral 

imagery database that covers the site before any treatment began. This data combined 

with a server platform would make it possible for others to easily access the data for 

further research.  

Long term monitoring at the site and other nearby sites could lead to a more 

comprehensive study on woody plant invasions on grasslands in the southern high plains. 

Siemann and Rogers (2003) evaluated the effect of woody species have on grass species 

in terms of canopy cover. The study found that in certain ecosystems pioneer trees can 

lead to an invasion of the woody species and convert a grassland into a dense savanna or 

forest. In this study, evidence in imagery dating back 50 years suggest that conversion 

might have happened recently. A complete time series of high resolution imagery of 
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Texas rangeland sites may offer a time frame of when to expect mesquite invasion 

without treatment.   

If a land manager needed to know how vegetation cover was changing within a 

treatment, using the UAV would allow for a rapid response to collect data. UAV’s are 

already being used after fires and floods to capture change because of this ability. During 

this study, multispectral imagery was collected shortly after multiple intense rainfall 

events as shown in Figure 9. If a farmer wanted to detect the impact of a precipitation 

event on their crops, a UAV-based system would allow for imagery to be captured 

immediately following the event. This could reduce irrigation budgets by giving farmers 

more insight to how much water their crops are receiving.  

 

4.5 New technology on the horizon 

 New technology in the near future may offer comparable options to UAV’s. 

Space-borne multi-spectral sensors are evolving from single satellite systems like 

Landsat to multiple satellite systems that fly in lower orbits offering increased spatial 

resolution at higher return frequencies. This could allow for sub-meter imagery that is 

readily available to be purchased every week over a specific site. These sensors are still 

subjected to the same atmospheric effects as any other satellite system, but a return time 

in days not weeks would offer other chances to get useable imagery.  

 Higher spectral resolution for UAV-based cameras is also becoming more 

available as UAV’s become more of an essential tool for land managers. For instance, 

cameras similar to the Parrot Sequoia are becoming available with no rolling shutter and 

contain more single-band sensors. In some cases, those sensors are able to be customized 

easily to capture desired wavelengths of light. In the case of the mesquite, a sensor that 

captures longer wave thermal infrared may provide information on soil temperature. 

Since broadcast aerial herbicide treatments for mesquite are influenced by the 

temperature of the soil, that data could certainly improve the effectiveness of those 

treatments.  

 Finally, as more of the research community proves UAV technology, the private 

sector can develop more hardware and software at lower costs. This can open up the 

market for individuals to innovate new ways of applying the technology. Famous 
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ecologist, forester, and land manager, Aldo Leopold described the five tools of land 

management in the early 20th century to be the axe, plow, cow, fire, and gun (Leopold 

1933). The UAV is not a tool to alter the land as these others are, but it can be used to 

manage it. Studies like those done at the Santa Rita Experimental Range in Arizona offer 

over a century of vegetation surveys through imagery taken at the site. With an ongoing 

UAV-based monitoring program at this study site and others, it could document effective 

treatment options for invasive species in the Texas panhandle.  
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