
 
 

ABSTRACT 

TAYLOR, JOSEPH TOKESHI. Testing the Capabilities and Applications of Small Unmanned 

Aircraft Vehicles and Ground-based Sensors in Detecting Nitrogen Status in Corn and Winter Wheat. 

(Under the direction of Dr. Joshua Heitman). 

 

Detecting nitrogen status in crops within the growing season is important for making nutrient 

management decisions.  However, traditional techniques of collecting ground measurements are time-

consuming, costly, and inefficient for larger fields.  Remote sensing has long been used in agricultural 

systems to identify spatial variations in soil and crop conditions. Recently, unmanned aircraft vehicles 

(UAVs) have emerged as a remote sensing platform able to collect aerial imagery at resolutions, costs, 

and frequencies previously unobtainable for estimating nitrogen (N) status. The objective of this project 

is to validate and compare multispectral imagery collected from a UAV platform using in-situ field 

measurements of plant N concentrations, field spectroscopy, and a Trimble GreenSeeker. Winter wheat 

(T. aestivum) and corn (Zea mays) N rate trials were conducted in Plymouth and Raleigh, North 

Carolina with UAV imagery collected using a rotary platform (DJI Inspire Pro) and a Tetracam ADC 

Micro sensor.  Nitrogen fertilizer was applied at three to six different rates to produce a range of plant 

tissue N concentrations.  GreenSeeker, tissue samples, and spectrometer readings were taken twice a 

month to correspond with flights before and after the N applications. Correlations between UAV-

acquired aerial images and ground measurements with tissue samples were used to determine each 

sensor’s optical response to differing N treatments. Estimates of current crop N based on the UAV-

acquired imagery, GreenSeeker, and spectrometer were calculated using a normalized difference 

vegetation index (NDVI).  Results indicated that in winter wheat the GreenSeeker, spectrometer, and 

UAV-acquired imagery detected changes in tissue N 100, 83, and 67% of sampling dates, respectively.  

In corn, the sensors tested detected changes in tissue N less than 50% of the sampling dates and 

GreenSeeker NDVI was generally more responsive to tissue N than either the spectrometer or UAV-

derived NDVI estimates.  Results further indicated that the removal of non-vegetative areas from UAV-

acquired imagery via image classification is important for reliable estimates of plant tissue N.  This 

study provides the foundational work necessary to help improve plant N measurements in wheat and 

corn using UAV-based technology. 
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Preface 

Chapter 1 highlights the benefits and challenges of utilizing small unmanned aircraft vehicles 

(UAVs) in precision agriculture, and is intended for researchers thinking about using UAV 

technology in agricultural applications.  It provides an overview of UAV technology, potential 

applications in agriculture, and an introduction to the development of vegetative index maps derived 

from UAV-acquired imagery. 

Chapter 2 summarizes a research project conducted over a 2-year period investigating the use 

of UAVs and ground-based sensors in detecting the N status in wheat and corn.  It provides a 

methodology for using aerial and ground-based sensors to collect normalized difference vegetation 

index measurements and UAV flights, image classification and correlation analysis results, and a 

sensor comparison. 
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Chapter 1: An Introduction to Small Unmanned Aircraft Vehicles in Precision Agriculture - An 

Overview of the technology, applications, and development of vegetative indices 

1.1 Introduction to the Use of Unmanned Aircraft Vehicles (UAV) in Agriculture 

Agriculture plays an important role in people’s lives by providing food, fiber, and fuels to the 

world’s population and has an impact on the environment in which people live and work. Between 

1980 and 2007, agricultural lands expanded ~10 million ha every year to help meet the needs of a 

growing population, changing diets, and increased fuel demand (West et al., 2010). Consequently, 

agriculture is a major consumer of resources (e.g., water, nutrients, and chemicals). According to the 

United States Department of Agriculture, 80 to 90% of the United States’ fresh water is consumed by 

agriculture.  Nearly 7.6% of all United States crop and pasture lands (23 million hectares) were 

irrigated in 2012 and over 115 billion cubic meters (~115 trillion liters) of water was applied (USDA 

ERS, 2013). Additionally, nutrients in the form of nitrogen (N), phosphate, and potash fertilizers are 

applied annually; however, nutrients can be lost through volatilization, leaching, and runoff (USDA 

ERS, 2013). In 2011, approximately 20 billion kilograms of total nutrients were applied to crops 

grown in the United States. Chemicals including pesticides, fungicides, and herbicides are applied 

annually in large amounts (234 million kilograms - Fernandez et al., 2014) to limit yield loss.  As the 

world’s population expands to an estimated 9.6 billion people by 2050 (UN DESA, 2015), both 

agricultural land and yield will need to increase to meet the food, fiber, and fuel demands of this 

population.  As the need for agricultural land and greater crop yields increase, greater agricultural 

production will have a greater impact on resources. Resources such as seed, fertilizer, chemicals, and 

water will be required in generally greater amounts to produce greater yields on existing and 

expanding farmland.  To meet these agricultural demands, farming will need to become increasingly 

more efficient. 

One way for farms to become more efficient and profitable is to reduce inputs while 

maintaining or increasing yields.  An approach is to manage inputs and increase efficiency by 
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applying resources (e.g., fertilizer, water, and chemicals) to match crop needs.  This is also a more 

effective use of resources. Use of technologies such as farm management software and geographic 

information systems can help improve input efficiency by aiding in management and production 

decisions (Liddell and Zuckerberg, 2016).  These systems help track, visualize, and respond to spatial 

and temporal variability.  The goal of these systems is to increase farm efficiency through improved 

farm management and production. 

Precision agriculture is a management practice based on observing, measuring, and 

responding to spatial and temporal variability in soils and crops. Sometimes referred to as “site-

specific farming”, precision agriculture is an information and technology-based management system 

that utilizes measured data to guide productive decisions (McLoud et al., 2007). The main objectives 

of precision agriculture are to: (i) match farming practices to crop needs, (ii) enhance production 

through management of spatial variability, (iii) reduce environmental risk and impact, and to (iv) 

provide economic benefits through increased resource use efficiency. 

One of the main technologies used to measure spatial variability in precision agriculture is 

remote sensing. Remote sensing is the measurement of an object without physical contact. Examples 

of remote sensing include sonar, radar, and images collected from a camera. Remote sensing that uses 

images to measure an object use reflected energy to measure the properties of the object being sensed. 

A branch of this technique includes aerial photography and has long been used to aid in data 

collection, including the mapping of vegetative indices (Stafford, 2000), soil color (Ge et al., 2011), 

and biomass (Shanahan et al., 2001). 

In general, remote sensing techniques that use sunlight as an energy source are termed 

passive sensors.  Passive sensors are typically used in aerial photography and satellite imagery to 

measure inaccessible or large spatial areas. Passive sensors were first utilized in agriculture during the 

late 1920s for use in aerial photography and mapping soil resources (Seelan et al., 2003). Passive 
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sensors were then later applied in the 1950’s to help determine the presence of disease in cereal crops 

(Colewell, 1956).  Increasingly, remote sensing technologies that use airborne sensors are becoming 

commonplace in precision agriculture (Warren and Metternicht, 2005).  A primary goal of these new 

sensors is to measure and detect symptoms surrounding issues such as nutrient deficiency or disease 

before they become visible to the human eye (Zhang and Kovacs, 2012). 

A new and promising tool for use in collecting this remotely sensed information is the small 

unmanned aircraft vehicle (UAV). These systems are able to collect information at higher resolutions, 

in a timelier manner, and at a much lower cost than existing airborne technologies.  Although much of 

the literature on the use of these systems is new and limited in scope, there is much interest in their 

agricultural use (Zhang and Kovacs, 2012).  Topics discussed in this paper include 1) an overview of 

UAVs, 2) the development of aerial surveys using UAV technologies, 3) measuring crop health using 

sensor-based vegetation indices, and 4) concluding thoughts. 

1.2 An Overview of Unmanned Aircraft Systems (drones) 

Unmanned aircraft vehicles are a new and quickly evolving tool drawing great interest in 

precision agriculture. The UAV is a small aircraft (< 25 kg) that is one part of an unmanned aircraft 

system (UAS) consisting of a platform, a payload, and a ground control station.  Aviation regulations 

for UAVs are also a part of the system for flight safety. 

1.2.1 UAV Platforms 

Unmanned aircraft systems for use in precision agriculture typically come in one of two 

forms, either rotary or fixed-wing (see appendix; Table A.1), each with separate and distinct 

advantages and disadvantages.  Rotary UAVs have the ability to vertically takeoff and land, removing 

the need for a runway.  Many of these systems have an autonomous flight mode that allows the UAV 

to take-off, fly a mission, and land without the need for an operator.  The pilot has the option of 
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switching to other flight modes such as manual and semi-autonomous for increased flexibility during 

flight.  Additionally, a “return home” capability provides a failsafe that returns the aircraft to the 

launch point in case of emergency. The ability to hover allows a rotary UAV to capture imagery and 

perform detailed inspections while loitering over a fixed location.  Also, rotary platforms are able to 

quickly change direction during flight and survey hard-to-reach areas.  These abilities make rotary 

systems beneficial for detailed crop inspection and simplified data acquisition.  However, the battery 

demands from multiple electric motors required to sustain lift limit for these systems lead to shorter 

flight times (~15 – 30 minutes) as compared to fixed-wing UAVs. Flight speed is also relatively 

slower and limits the area that the platform can cover during a single flight to around 20 to 100 

hectares (ha). In general, the cost of rotary UAVs range from $500 to $3,000 and have decreased 

significantly in cost since 2015.  In agriculture, rotary platforms are being used to target areas for 

further inspection of insects and disease, and irrigation equipment, and to survey and map fields less 

than 80 ha. 

In comparison, fixed-wing UAVs use forward motion and wings to generate lift thus, 

reducing battery demand.  Less battery demand results in longer flight times (1 – 2 hours), greater 

flight speeds (~22 ms-1), and the ability to cover greater area per flight (~120 – 400 ha).  A limitation, 

however, is that fixed-wing UAVs must fly above their stall speed to maintain lift, which requires 

constant forward motion.  Additionally, heavier fixed-wing UAVs that require greater speed often 

require increasingly more advanced sensors to capture clear, usable imagery (Shi et al., 2016).  In 

addition, windy conditions can affect fixed-wing UAV performance.  Crosswinds can result in roll, 

yaw, and pitch making it difficult to maintain direction and sensor position. Also, overly calm 

conditions can prevent the UAV from flying.  The cost of fixed-wing UAVs is typically greater than 

their rotary counterparts and typically ranges between $5,000 to $30,000.  Fixed-wings are used in 

agricultural applications such as surveying and mapping of large farms (> 80 ha), often for the 
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development of prescription maps. Another major limitation is the requirement for a runway with 

ample space for takeoff and landing.  Although both platforms are similar in the type of imagery that 

they collect and functions they perform, the differences between the platforms result in varying 

capabilities and their likely varied use in agriculture. 

1.2.2 UAV Payloads 

In order to capture data for use in precision agriculture, UAVs are equipped with different 

payloads that vary in size, capabilities, and cost.  The payload is typically a sensor or camera mounted 

on the bottom of the UAV and used to collect images.  These small airborne sensors are lightweight 

(~0.3 – 1 kg) and designed to meet the size and weight requirements of a small UAV.  Many of these 

sensors are specialized cameras that are built to capture high resolution images (15 – 20 megapixels) 

and video (4K) in true color.  However, additional sensors including multispectral, hyperspectral, and 

thermal are rapidly becoming available. 

Visible (true-color) imagery is the most common form of digital imagery because of its 

popularity in the consumer market. Cameras that use the red, blue, and green wavelengths from the 

electromagnetic (EM) spectrum are typically used to capture a true color image. Each wavelength is 

recorded as a separate 8-bit band, assigned a digital number (DN) between 0-255 (8-bit), and 

combined to create a color image familiar to the human brain. The DN is based on the amount of 

reflected energy measured within that band.  A true-color image with three bands can represent over 

16 million unique colors. In agriculture, color cameras are used in applications such as scouting, 

aerial surveys, and farm mapping.  A color camera for a UAV typically ranges between $100 to 

$2,000 and may, or may not be integrated with the flight controller.  Inexpensive options are often 

hard-mounted or attached using a third-party gimbal. 
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Multispectral sensors collect data at between 3 to 10 distinct regions within the EM spectrum. 

Most common in agriculture is the use of wavelengths in the red, green, and near infrared (NIR) 

regions. Combinations of these wavelengths are used in mathematical formulas to calculate indices.  

The calculation of vegetation-related indices is used in areas such as nutrient monitoring and 

measurement, biomass estimation, and pest, disease, and weed identification. Common examples 

include the normalized difference vegetation index (NDVI), simple ratio, and soil-adjusted vegetative 

index.  Along with a fundamental understanding of agronomy, the information provided by vegetative 

indices can help inform management decisions.  Imagery collected with multispectral sensors is 

typically displayed as a false-color image.  A false-color image uses the colors red, green, and blue to 

display NIR, red, and green, respectively.  As a result, the NIR channel is displayed as red and the 

healthier the vegetation, the brighter red appears.  The cost of a multispectral sensor designed for a 

UAV typically ranges between $2,000 and $10,000. As an alternative to a dedicated multispectral 

sensor, growers are experimenting with modifying ‘off-the-shelf’ cameras to function like 

multispectral sensors. 

Hyperspectral sensors collect data in greater than 10, narrow band wavelengths. Instead of 

only a few regions, a hyperspectral sensor can include tens to hundreds of narrow (10 – 20 nm) 

wavelengths across entire sections of the EM spectrum. In comparison to multispectral sensors, the 

greater number of band wavelengths from hyperspectral sensors provides more spectral information 

of the desired area.  However, hyperspectral sensors are expensive and heavier than multispectral 

sensors.  In general, hyperspectral sensors developed for UAVs range start around $20,000, but 

quickly reach upwards of $50,000. Cost is often associated with the number of bands and quality of 

components. 

Thermal sensors are used to measure the radiative heat of an object. Thermal sensors detect 

longwave infrared wavelengths from 7 to 14 microns.  Because thermal sensors do not require light to 
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acquire data, they are often used in ‘night-vision’ applications.  However, in agriculture, there is 

interest in using thermal data to measure heat transfer in soil and water, as well as in 

evapotranspiration and drought stress. Thermal sensors range between $7,000 to $12,000, but prices 

are dropping as new competitors enter the market. 

Overall, UAV sensors are a new technology, but are capable for many agricultural 

applications.  With the miniaturization of electronics and new competitors entering the market, UAV 

sensors are lighter and becoming cheaper.  As these sensors continue to improve they provide a viable 

alternative to satellite and manned aircraft sensors that are costly, heavier, and have lower image 

resolution. 

1.2.3 UAV Ground Control 

The final component of a UAS is the ground control station. A ground control station is used 

for aircraft control, mission planning, and to monitor aircraft status.  All UAV’s are controlled by one 

of three means: i) autonomous, ii) semi-autonomous, or iii) manually. Fully autonomous flight uses 

an on-board GPS and programmed waypoints to control the UAV.  Semi-autonomous flight uses a 

combination of GPS, waypoints, and a pilot.  A typical mission flown in a semi-autonomous mode 

starts with the pilot manually controlling the aircraft during take-off, then switching to an autonomous 

mode during data acquisition, then back to pilot control for landing. Manual flights include a pilot 

that operates the UAV using a remote-control transmitter to fly the aircraft. Although manual flights 

are common in model aircraft operation, there are limitations related to a mandatory visual line-of-

sight rule set by the Federal Aviation Administration and in the collection of images in a regular and 

systematic pattern required in aerial mapping. 

In addition to aircraft control, most UAS come with software for mission planning.  Mission 

planning consists of waypoint guidance, route optimization, and the setup of aerial survey grids with 



9 

 

pre-determined waypoints. When performing aerial surveys, the waypoints and on-board GPS are 

used to guide the aircraft and capture images at regular intervals. The mission software is designed to 

capture images with a pre-determined overlap while maximizing battery life and minimizing pilot 

involvement.  The overlap necessary to mosaic images together into a complete aerial survey is 

determined by the altitude of the aircraft and a sensors’ field-of-view.  At a given altitude, sensor 

field-of-view, area of interest, and the number of images required for sufficient overlap will vary.  In 

general, as the height of the aircraft increases, the number of images decreases at any given area of 

interest. 

A ground control system also includes fail-safes for flight safety. In case of signal loss, the 

aircraft will return to a launch point set at takeoff. Additionally, a geo-fence option is available that 

will confine the aircraft to a pre-determined spatial boundary. The geo-fence includes options for 

aircraft height and distance from the ‘home’ location.  Finally, a ground control station provides real-

time telemetry data on the aircraft’s location, altitude, speed, and direction.  As an added telemetry 

feature, some manufacturers support the display of real-time streaming video. Video provides the 

pilot with instant visual feedback and helps when situational awareness is important. 

1.2.4 UAV Regulations 

The airspace over the United States is regulated by the Federal Aviation Administration 

(FAA) with clear laws and operating procedures. In general, the airspace is divided into separate 

classes where each class provides separation and unique rules and operating procedures. Out of the 

six classes of airspace, class G airspace is uncontrolled. Class G airspace exists wherever class A, B, 

C, D or E airspace does not. The UAVs are allowed to operate in class G without authorization from 

the FAA. Therefore, to guide pilots within this class G airspace, the FAA developed a set of UAS 

operating rules and flight procedures called ‘Part 107’ to ensure the safety of pilots, people, and 

property operating in and around our national airspace. 
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The rules and safety procedures set forth by the FAA differ depending on the type of UAV 

operation.  The three types of operations are classified as commercial, governmental, or recreational. 

Commercial operations include any person or company flying a UAV for compensation or business 

purposes. Government operations include any governmental entity that use a UAV to carry out their 

functions and includes entities such as public schools, public universities, and law enforcement. The 

final class of operation is recreation. A recreational operation is defined as an activity performed 

solely for the purpose of recreation and enjoyment. The rules and regulations that define the legal 

operation of UAVs became effective August 29, 2016. It is now required by law that all UAV pilots, 

now termed ‘remote pilots in command’, are to be certified before they operate a UAV for 

commercial or governmental purposes.  Certification includes an aeronautical knowledge test divided 

into general sections that include UAS operation, aircraft requirements, and pilot requirements (see 

appendix Table A.2). Some of the most important rules of operation include maintaining visual line-

of-sight, operating during daylight hours, maintaining airspeeds less than 45 ms-1, keeping flights no 

more than 122 m above ground level, and operating within class G airspace. Under aircraft 

requirements, there are rules set for aircraft weight (< 25 kg), aircraft registration, and approved 

payloads. Under pilot requirements, the remote pilot in command must be 16 years old, have passed 

the FAA aeronautical knowledge test, carry an aircraft operator certificate with small UAS rating 

(IACRA), and maintain in good-standing by renewing their certificate every 24 months. 

To become a certified UAV remote pilot in command you must pass an aeronautical 

knowledge test. The knowledge test is administered by a FAA-approved testing site in the state of 

residence.  After passing the 60-question test with a minimum score of 70%, an application for an 

Integrated Airman Certification and Rating Application (IACRA) is filled out online. The applicant is 

then vetted by the Transportation Security Administration (TSA) and license assigned.  In North 

Carolina, a state operator’s license is also required for commercial or government operations.  The 
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North Carolina exam is an open book, 25-question test, that highlights local laws and reinforces 

material in the FAA aeronautical knowledge test. If flying for recreational purposes, the FAA 

provides a set of operational guidelines similar to the commercial and governmental regulations; 

however, certification and licensing are not required.  Overall, there is a clear path set by the FAA to 

legally operate UAVs in our national airspace; however, it ultimately relies on the remote pilot in 

command to operate in a safe and responsible manner. 

1.3 The Development of Aerial Surveys Using UAV Technology 

At its fundamental level, precision agriculture is about measuring and responding to 

variability. It is a management practice focused on optimizing inputs based on the variability of crops 

and soil.  Typically, in precision agriculture, the information used to measure this variability is 

gathered by hand sampling, using sensors mounted on farm equipment, sensors placed in or along 

fields, or by remote sensing techniques. 

Historically, one of the most used remote sensing methods to gather information has been 

aerial surveys collected from airplanes. In more recent times, earth observing satellites have been 

used to measure information on a global extent and at an expanded range of wavelengths.  Although 

both manned aircraft and satellites provide distinct advantages, including large spatial coverage and 

the ability to measure over a wide range of spectral bands (500 – 1100 nm), they are limited in their 

ability to detect spatial variability at plant-scales, by their operational costs, and by their temporal 

resolution. For instance, a typical return time for satellite data is from 7 to 14 days, satellite 

development costs are often millions of dollars, and few satellites are able to collect multispectral 

data at ground resolutions finer than tens of meters. Additionally, given the speed at which sensor 

technology evolves in today’s marketplace, by the time a satellite becomes operational, it is often 

behind in terms of the current capabilities. Cloud cover also presents challenges to satellites and 

aircraft. Thick cloud cover obstructs the view to the ground and thin clouds reduce image quality. 
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According to Dunbar (2004), over 70% of the globe is covered by clouds every day. As such, satellite 

data is often limited in usefulness for in-season farm management decisions. 

Cost and availability are the limiting factors for using manned aircraft in precision 

agriculture.  A typical manned flight can range between $4,000 and $35,000, and includes costs 

associated with aircraft, fuel, sensors, and pilot. However, manned aircraft are able to capture 

relatively high resolution imagery in comparison to satellites due to proximity closer to the earth’s 

surface.  In general, satellites and manned aircraft collect data over large spatial areas and wide 

ranges of spectral bands, but due to factors such as cloud cover, cost, and timeliness, the use of these 

platforms pose challenges depending on their intended application in precision agriculture. 

One of the most popular capabilities of current UAV technology is in the production of aerial 

surveys. Aerial surveys are developed from sets of images taken from a camera or sensor and 

mosaicked together to create a single image of the area. The benefits of using a UAV to capture aerial 

surveys include i) resolution, ii) acquisition cost, and iii) the ability to acquire surveys on an as-

needed basis. The UAV-based aerial surveys typically collect images with centimeter-level accuracy. 

At this resolution, more information is available and in greater detail.  At this level of detail, 

individual plant parts are visible and can be analyzed.  The cost of producing these aerial surveys is 

also comparatively inexpensive. Given a UAV cost of $1,500 (includes the platform, sensor, and 

software) and an expected life of five years, 2,000 ha could be surveyed per year at a cost of $0.03 a 

ha.  The autonomous nature of UAVs also eliminates the need for expert pilots, again keeping the 

costs of surveys low.  Overall, UAVs provide a new tool to the farmer where high resolution aerial 

surveys can be captured in a timely and cost effective manner, particularly for use in the management 

of farm resources. 

Multispectral images are often used to help develop prescription maps for use in the variable 

rate application of fertilizer and other agricultural products.  When combined with agronomic data 
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from soils and yield maps, multispectral imagery can aid in the development of prescription maps. 

Once created, the maps control where, what, and how much action is needed within a field.  Typical 

prescription maps are used in variable rate application of lime, fertilizer, pesticides, herbicides, and 

fungicides.  In order to carry out the prescription, the maps are uploaded to a variable rate applicator 

and the material is applied at rates specified in the map. A GPS unit on the applicator sends 

coordinates to an on-board computer which then matches the location of the applicator to the rate 

indicated on the prescription map. 

The utility of UAVs in agriculture is not limited to the production of aerial surveys. Much 

talked about farm applications include, but are not limited to areas such as i) scouting, ii) irrigation 

management, iii) yield prediction, and iv) crop insurance.  However, it is the author’s opinion that 

scouting will become the largest use for UAV technology.  As the most logical agricultural 

application, scouting applications (e.g., crops, pests, and disease) can utilize UAVs due to their high 

resolution aerial imagery. Scouting crops includes the on-ground survey of fields to locate and 

identify problem areas, typically related to disease, pests, or nutrient levels. With access to a UAV, a 

scout can direct efforts over a much larger area and focus attention as needed.  For example, an area 

with noticeable differences in leaf color can often indicate a problem.  By identifying these areas 

using a UAV, the scout can go to this location and further diagnose the issue in the field and on the 

ground.  Additionally, abnormalities in a vegetative index might lead a scout to identify an area of 

nutrient deficiency. In irrigation management, aerial surveys collected with a thermal camera may 

help identify water stress in a field and direct irrigation strategies.  For yield prediction, tracking in-

season NDVI may help refine forecasts while providing earlier estimates. In agriculturally related 

insurance, agents can quickly and accurately estimate crop damage after severe weather. While 

scouting is the clearest application in agriculture, there will undoubtedly be many on-farm 

applications discovered beyond the confines of precision agriculture. 
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1.4 Measuring Crop Health Using Sensor-Based Vegetative Indices 

As long as agriculture has been in existence, monitoring a plant’s “health” has played a key 

role in farming. Traditional techniques used to monitor a plant’s health such as visual scouting and 

tissue testing have remained important in both finding and identifying plant stressors. Recently, 

modern techniques like remote sensing have played an increasing role in identifying and managing 

plant health.  In this paper, plant health is used as a general term to describe the overall biological and 

physical health of a plant. A plant’s “health” is affected by many factors that include both 

environmental and management-related conditions.  Factors such as precipitation, soil nutrients, 

microorganisms, the presence or absence of pests and disease, and compaction are just a few of the 

conditions that can alter plant health. 

As growing conditions change, a plant’s health can be affected and often results in visible 

signs of stress such as changes in leaf color, leaf deterioration, or reduced plant height.  These visible 

signs are often variable within and among fields and can fluctuate over time.  One way to monitor 

plant characteristics is to use remotely sensed aerial imagery to calculate a vegetative index.  A 

vegetative index is a mathematical combination of reflectance values from different wavelengths.  

These reflectance values are stored as ‘bands’ or ‘channels’ within an image and are added, 

subtracted, divided, or multiplied to calculate a single value that best characterizes some aspect of a 

plant’s health.  Most vegetative indices are simple ratios between two wavelengths, but some can 

become increasingly complex depending on the application and the number of bands available for 

analysis. Most commonly, a single biophysical or biochemical property is measured using a 

vegetative index. Leaf area is an example of a physical characteristic can be used to estimate biomass.  

An example of a biochemical characteristic that is estimated using a vegetative index is nitrogen 

content within plant tissue.  Throughout the growing season the amount and concentration of nitrogen 

changes based on factors such as growth stage, biomass, and available soil nutrients.  Overall, 
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vegetative indices help to quantify different properties of crops and their general health.  When 

collected using a UAV, vegetative indices can be measured throughout the growing season with 

complete spatial coverage. 

1.4.1 Factors That Influence Vegetative Indices 

Many remote sensing applications in agriculture depend on the spectral properties and plant 

characteristics that occur at the individual leaf or cellular plant-level. Leaf structure at the cellular-

level typically determines the spectral information that is measured.  Figure 1.1 represents a cross 

section of a typical leaf.  The uppermost layer is termed the upper epidermis. With the help of the 

cuticle, the upper epidermis prevents moisture loss from the leaf interior. The lower epidermis, 

located under the leaf, protects the leaf and allows air movement into the leaf interior. Below the 

upper epidermis is the palisade tissue, which includes chloroplasts.  Chloroplasts are composed of 

chlorophyll that are active during photosynthesis. Below the palisade tissue is the mesophyll tissue, 

which is the site of oxygen (O2) and carbon dioxide (CO2) exchange that is necessary for 

photosynthesis and respiration. This leaf structure varies depending on the plant, but generally the 

leaf components that are important to photosynthesis and their related spectral signatures. 

Chlorophyll controls much of the spectral response in living leaf tissue. Chlorophyll are 

clusters of green pigments in chloroplasts that absorb incoming solar radiation, which allows 

photosynthesis as light passes through the top of the leaf. Through the bottom of the leaf, CO2 enters 

and diffuses throughout the leaf cavity. As the chloroplasts absorb sunlight, photosynthesis converts 

CO2 to O2, which is vital to a plant’s metabolism. There are two forms of chlorophyll found in 

actively growing leaf tissue; chlorophyll-a is the most common form and the most important to 

photosynthesis in most green plants, while chlorophyll-b is slightly different than chlorophyll-a in 

molecular structure and absorbs solar radiation at different rates (Campbell and Wynne, 2011). 
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Between both chlorophyll-a and chlorophyll-b, nearly 70 – 90% of red and blue light is 

absorbed for photosynthesis. Energy in the green wavelengths is mostly reflected giving vegetation its 

green color. At wavelengths surrounding the infrared region, the mesophyll reflects most (60 – 90%) 

of this radiation either upward (reflectance) or downward (transmittance). When reflectance is 

measured in the visible and NIR regions, differences can be related back to plant’s chlorophyll 

concentration (Fig. 1.2).  Reflectance of solar radiation does not reach its peak in the green region but 

rather in the NIR. This difference in wavelength behavior can be utilized in vegetative indices to 

distinguish between vegetative and non-vegetative surfaces, in recognizing different plant species, 

and in analyzing general plant vigor. 

Differences in the ratio of visible and NIR reflectance, absorbance, and transmittance can 

occur as the plant matures or experiences disease, insect infestation, or water stress. These changes 

are most noticeable in the NIR region. As the plant starts to senesce or experiences plant stress, less 

NIR radiation is reflected. Therefore, this change in reflected radiation can reveal changes in plant 

health. The NIR imagery is also useful in detecting changes in leaf structure due to differences in N 

content. As leaves of the plant increase in N content, the amount of chlorophyll increases, which 

absorbs more red energy inversely decreasing red reflectance.  Leaf structure can change quickly 

throughout the growing season, which also changes absorption and reflectance in the red and NIR.  

Pest and disease can also spread affecting leaf structure and thus reflectance.  As such, UAVs 

equipped with multispectral sensors are uniquely suited to investigate plant health.  Their ability to 

capture data at wavelengths that correspond to a plant’s physical and chemical properties as well as 

capture data as conditions warrant make this a unique tool for use in monitoring plant health. 

1.4.2 The Normalized Difference Vegetative Index (NDVI) 

The inverse relationship between NIR and red wavelengths reflected by living vegetation can 

be effective when used in a ratio. The absorption of red light by chlorophyll, and the reflection of NIR 
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by the mesophyll, ensures that these values will be different.  As such, a ratio between NIR and red is 

often used to provide a measure of photosynthetic activity and biomass. One of the first uses of this 

phenomenon was by Rouse et al. (1973), where a vegetation index using NIR and red wavelengths 

was developed and use to monitor vegetation in the Great Plains using data from the LANDSAT earth 

observing satellite. They found that a simple ratio of the NIR and red spectral bands could be used to 

monitor rangelands and wheat crops. This ratio was the normalized difference vegetation index 

(NDVI), where 

 𝑁𝐷𝑉𝐼 =
𝑎𝑁𝐼𝑅 − 𝑎𝑟𝑒𝑑
𝑎𝑁𝐼𝑅 + 𝑎𝑟𝑒𝑑

 (1) 

Defined wavelengths (𝑎) within the NIR (800 – 1100 nm) and the red (600 – 700 nm) were used, but 

many other wavelengths have been tested within these regions (Tucker, 1979; Gitelson et al., 1996; 

Raun et al., 2001). 

The NDVI has become a widely used vegetative index in agriculture. The index results in 

values that are scaled from 0 to 1, where 1 is considered the healthiest or dense vegetation. The 

healthier or denser, the greater the difference between the NIR and red reflectance (Fig. 1.2). The 

greater the difference, the greater the resultant NDVI. If, however, the vegetation becomes unhealthy, 

the difference between red and NIR reflectance lessens resulting in a lower NDVI value. Traditional 

use of NDVI includes predicting chlorophyll concentration (Gitelson et al., 2003, 2005), plant grain 

yield (Aparicio et al., 2000; Raun et al., 2001), leaf area (Jordan, 1969), and biomass (Raun et al., 

2001). 

1.4.3 Benefits and Limitations of NDVI 

The NDVI is widely applied to many different agricultural applications and has both benefits 

and limitations. Benefits include the simplistic nature of the ratio, ease of calculation, and ability to 

quickly distinguish between vegetation and non-vegetative material. Vegetation tends to produce 
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positive NDVI values between 0.4 and 1.0, while non-vegetation results in a low or negative index 

value. Soil produces NDVI values typically between 0.1 and 0.3, but can vary widely with soil color 

and wetness.  Limitations of using NDVI include high soil exposure and decreased sensitivity as the 

values approach 1.0. Earlier in the growing season when there is little biomass coverage, the 

underlying soil can decrease the NDVI measurement (Solari et al., 2008). This is due to soil’s lower 

NDVI value in comparison to vegetation that when included in the NDVI calculation there is a 

decrease in the resultant NDVI value.  In addition to soil background, large amounts of plant biomass 

are a limitation to NDVI. As the plant matures and its biomass increases, there is an increase in near 

infrared reflectance and a decrease in red reflectance.  Due to the increase in NIR and decrease in red 

reflectance, the NDVI value approaches the upper limit of its index.  As the NDVI value approaches 

1.0 to greater biomass coverage, the index’s sensitivity decreases due to inability to resolve further 

increases in NIR or decreases in red reflectance.  The time during the season when the sensitivity 

decreases can vary based on crop, season, leaf structure, and wavelengths used for NIR and red 

reflectance.  To increase NDVI’s sensitivity, Gitelson et al. (1996) suggested the use of green 

reflectance as a substitute to the saturated red band. By doing so, the index increased the sensitivity to 

the amount of chlorophyll within the leaf tissue; however, the spectral resolution should remain 

between 530-570 nm for best results (Gitelson et al., 1996).  As a further modification Gitelson et al. 

(2003, 2005) proposed a chlorophyll index that uses the NIR and green wavelengths and found the 

index to have a higher sensitivity than green NDVI.  Although NDVI has proven capabilities in 

estimating general plant health, the index should be used with caution during very early and very late 

stages of growth. 

1.4.4 Additional Vegetative Indices in Agriculture 

Although NDVI is arguably the most widely used vegetative index, there are many others that 

are used in agricultural applications.  Other examples include simple two wavelength ratios for 
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estimates of vegetation and soil (Tucker, 1979), leaf area index for estimating biomass (Elvidge and 

Chen, 1994), a leaf water content index (Hunt et al., 1987), a green NDVI to predict late season 

nitrogen status (Gitelson et al., 1996), and a soil-adjusted vegetation index to reduce the effect of soil 

on the resultant index value (Huete, 1988). 

1.5 Developing Vegetative Indices From UAV-Acquired Imagery 

1.5.1 Georeferencing UAV Imagery 

For applications that require the accurate mapping and measurement of features on the 

ground, a properly georeferenced aerial survey is required.  Georeferencing is relating the internal 

coordinate system of an aerial image to geographic coordinates from the ground.  In order to 

georeference imagery acquired by a UAV, ground control points are typically required. Ground 

control points (GCP) are known locations, typically geographic coordinates in latitude and longitude 

that are visibly identifiable in the images collected.  These locations are either existing features 

clearly recognized in the images, such as fence poles, buildings, large trees, or pre-built targets in 

bright colors and known shapes. The geographic locations of these features are recorded, typically 

using a GPS or survey equipment, and then matched to the corresponding location visible in the aerial 

survey. This process scales, rotates, and shifts the image to a 2-dimensional coordinate plane 

projected from the surface of the earth.  As an additional step, orthorectification is used to remove 

distortion resulting from changes in perspective and relief. Ultimately, the accuracy of the recorded 

GCPs determines the accuracy of the georeferenced aerial survey. As such, care must be taken to 

ensure the accuracy of the GCPs match the survey’s purpose and the resolution of the images (Aber et 

al., 2010b). 
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1.5.2 Radiometric Calibration of UAV Imagery 

Once the aerial survey is collected and spatially rectified, a radiometric calibration is 

performed to adjust the aerial survey to a normalized solar reflectance. The process involves the 

correction or adjustment of measured pixel reflectance to a known, standard surface reflectance 

(Campbell and Wynne, 2011). Every day incoming solar radiation changes based on factors such as 

time of year, cloud cover, and atmospheric conditions.  These factors can alter the amount and 

wavelengths of the incoming solar energy. As such, the calibration normalizes the measured 

reflectance with a color-stable reflectance panel.  The radiometric calibration process for sensors can 

differ depending on the type of imagery such as visible, multispectral, hyperspectral, and thermal 

imagery. For some applications, colored tarps with known reflectance are placed in the scene before 

data collection. For multispectral imagery collected with a UAV, a Teflon calibration panel is often 

used before each flight to take snapshots of the panel. For thermal sensors, the procedure includes 

systematic operational checks and the calibration against objects with a known temperature.  In all 

situations, however, the panels, tarps, and known temperatures help normalize the data recorded 

across dates and times of data acquisition, thus providing a baseline for fair and equal comparison. 

1.5.3 Image Classification and Feature Identification 

After the surveys are mosaicked, georeferenced, and radiometrically calibrated, the resulting 

survey can be used to calculate vegetative indices. However, before a vegetative index is calculated 

from a UAV-acquired survey, all features that are not considered vegetation should be removed. 

Features such as soil, shadows, specular reflection, and weeds can all influence the resultant 

vegetative index such as NDVI. For example, at the time a plant emerges from the soil, vegetation 

covers little of the planted area. Due to this small amount of vegetation within the image, the NDVI 

value will decrease if the soil’s reflectance is included in the index calculation.  Another example 

would be shadows where there is relatively low reflectance; that is not removed before calculation, 
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would result in a lower NDVI value.  These features, including the vegetation, can be separated into 

classes that best represent their spectral signatures. Once each feature is separated into classes, the 

non-vegetative classes can be removed leaving the vegetation behind. Once the non-vegetative 

features in the image are removed, the pixels within the vegetative class can be used to calculate the 

index. 

1.5.4 Factors That Impact UAV-Acquired Imagery and Vegetative Indices 

Not every image collected during a flight will have the same atmospheric and environmental 

conditions.  The illumination of the ground can vary in the imagery due to factors such as specular 

reflectance, bidirectional reflectance, latitude and seasonal conditions, clouds, and shadows. 

Depending on the viewing angle of the sensor in relation to the sun, there are two lighting 

effects that can occur: specular reflectance and hot spots. Specular reflectance, also termed ‘glint’ is 

the mirror-like reflection of sunlight off the surface and detected by a sensor.  Typically, glint appears 

as a bright, white color in a multispectral image and is not representative of the vegetation since it has 

a 100% reflectance value.  Therefore, if included in the calculation of NDVI then the index value 

would increase.  Glint is less likely to be observed when the sensor is pointed directly perpendicular 

to a surface, but is more common in oblique views taken towards the sun. A hot spot appears much 

brighter than its surroundings and is typically overexposed.  Similarly, to glint, hot spots occur most 

often when images are collected at an oblique angle toward the sun (Aber et al., 2010a).   

Bidirectional reflectance is another challenge that refers to the surface reflection of sunlight 

that is measured by a sensor.  For example, a leaf can reflect sunlight at many different angles due to 

its shape and orientation relative to the sun’s position.  When the leaf reflectance is detected by the 

sensor, it may not be the full reflectance of that leaf.  This means less information about that leaf was 

detected, which may not be a complete representation of that plant (Aber et al., 2010a). 
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The illumination of the earth’s surface is controlled by the sun.  As the position of the sun 

changes with latitude, day of year, and the time of day, so does the amount of incoming sunlight.  

During the collection of aerial surveys, it is important for the sun to be high in the sky for the best 

illumination of the surface (Aber et al., 2010a). For example, aerial surveys in North Carolina should 

be collected between 11 am and 1 pm where the sun is at its highest position.  However, this 

timeframe is not for every location since the sun’s position changes with latitude.  

Cloud cover is a critical factor in capturing imagery.  The impact of cloud cover on imagery 

depends on the cloud’s altitude relative to the sensor’s position. Clouds below the sensor’s position 

blocks the sensor’s view of the ground whereas clouds above the sensor causes uneven illumination 

of the ground (Aber et al., 2010a).  In general, cloud-free skies are often the best scenario for 

collecting aerial surveys. 

Shadowing is another factor to consider when collecting imagery. This issue will change 

based on time of day and plant height.  Typically, shadowing poses the greatest problem during 

sunrise and sunset (Aber et al., 2010a). Therefore, it is best to take imagery when the sun is high in 

the sky to provide the best illumination of the ground.  As plants grows taller over the season, there is 

a higher potential for shadows.  Shadows typically have low reflectance and if included in the 

calculation of NDVI, the value would decrease due to the low reflectance as compared to vegetation. 

1.5.5 Validation of Vegetation Indices 

Validation of vegetative indices by using tissue sampling is a typical method of assessing the 

resultant vegetative index.  Collecting tissue samples is a destructive sampling method, but it provides 

a plant nutrient concentration representative of the general location and vegetation within that area.  

The plant nutrient concentrations can be compared to the vegetative indices using regressions and 
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correlations.  When there is a strong relationship between the tissue samples and the vegetative index 

then the index can represent the plant’s characteristics within the sample area. 

1.6 Concluding Thoughts 

Compared to other remote sensing technology used for agriculture, the transformative nature 

of UAVs and the improvement of sensors may offer some of the greatest advances for on-ground 

decision making in precision agriculture.  The UAVs can be tailored to fit the needs of an agricultural 

application similar to farming equipment for specific applications. Therefore, there can be a UAV 

built for specific applications such as nutrient management or irrigation monitoring.  The money 

spent to buy these relatively inexpensive UAVs can help in the long run due to the savings made on 

resources and labor.  Every year the sensors used to capture imagery are improved upon to have better 

sensor specifications such as finer resolution, faster shutter speeds for high velocity images, lighter in 

weight, and a more sensitive detector.  As compared to other technology, UAVs are restricted by 

platform and sensor improvement and the individual’s ability to use UAVs.  Additionally, validation 

and calibration procedures are required for vegetative indices derived from the UAV imagery.  These 

procedures are used to relate actual environmental conditions at the time of UAV image collection.  

At the present time, UAVs are not ready for use in agricultural applications until these validation and 

calibration procedures are established.  Overall, the knowledge learned from using these small UAVs 

may not only improve farming efficiency, but may also help conserve environmental resources and 

reduce the environmental impact. 
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Figure 1.1 The absorbed and reflected wavelengths of a plant. Image credit to Jeff Carns, NASA. 
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Figure 1.2 The typical reflectance curves of healthy and unhealthy vegetation and soil. Credit to Giusti (2017). 
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Chapter 2: The Use and Application of Small Unmanned Aircraft Systems and Ground Based 

Sensors in Detecting Nitrogen Status in Corn and Wheat 

2.1 Introduction 

The normalized difference vegetation index (NDVI) is one of the most widely used 

vegetative indices in agricultural remote sensing.  At first, NDVI was proposed by Rouse et al. (1973) 

as a simple normalized ratio between remotely-sensed red (~675 nm) and near infrared (NIR) (~700 

nm) spectral wavelengths then was used to estimate green biomass (Tucker, 1979).  Due to the 

effectiveness and use of NDVI, it has been related to a variety of vegetation properties such as leaf 

area, canopy cover (Gitelson et al., 1996; Carlson and Ripley, 1997), concentration of chlorophyll 

(Gitelson et al., 2003), and plant biomass (Hansen and Schjoerring, 2003; Thomason et al., 2011) for 

crops like wheat and corn.  Additionally, NDVI has been used to estimate crop yields and nitrogen 

(N) fertilizer response (Wiegand and Richardson, 1984; Aparicio et al., 2000) and monitor crop 

phenology (Viña et al., 2004).  Although NDVI is one of most commonly used vegetative indices, 

there are known factors that can introduce uncertainty in NDVI such as soil background and 

brightness (Huete et al., 1985), viewing and solar angles (Jackson and Huete, 1991), atmospheric 

conditions (Liu and Huete, 1995), and leaf orientation (Baret and Guyot, 1991). In addition, NDVI 

has been observed to decrease in sensitivity as the plant canopy closes at later growth stages 

(Thomason et al., 2007).  Due to these limitations, researchers have proposed modified versions of 

NDVI as well as emphasized use of spectral data from distinct short bands to improve the index 

(Yoder and Pettigrew-Crosby, 1995; White et al., 2000; Thenkabail et al., 2001). 

One of the ideas to improve the measured NDVI value is to minimize the amount of 

background interference.  Using remote sensing techniques, non-vegetative areas such as soil and 

shadows can be identified and removed by a process called image classification. Image classification 

is the process of assigning pixels to classes (Campbell and Wynne, 2011).  This classification process 

includes the selection of a classification method, development of a training sample, image 
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preprocessing, extraction of desired features, and accuracy assessment (Lu and Weng, 2007). There 

are two primary classification methods with distinctly different approaches called supervised 

classification and unsupervised classification. 

Supervised classification relies heavily on the analyst to assign known areas of pixels within 

the image to specific classes.  It differs compared to unsupervised classification in that there is a need 

for prior knowledge of the area being classified, and classes are developed from pixels chosen by the 

analyst from a known area before processing (i.e. the training sample).  Although there are 

advantages to using a supervised classification, there are also weaknesses including the potential 

propagation of misclassifications resulting from poorly defined training samples and the substantial 

time and effort required to develop representative training samples.  In comparison, the unsupervised 

classification uses minimal input from the analyst and the groupings of pixels with common 

characteristics are based on a computational analysis of the image without user input.  Although this 

reduces the work required by the analyst and the opportunity for human error, the main disadvantages 

are the limited control over the number of classes and their specific identities and the spectral 

properties of specific informational classes will change over time. Both classifications are powerful 

techniques; however, they can require significant computational resources when run on large, high-

resolution datasets.  Regardless of the classification method used and due to greater image resolution 

that UAV-based sensors offer, image classification can be utilized to pre-process UAV-acquired 

imagery before the calculation of NDVI (Campbell and Wynne, 2011). 

One of the most common supervised classification techniques used in remote sensing is the 

maximum likelihood (Richards, 2013).  A maximum likelihood classification uses statistics 

developed from pixels within the training sample to separate the image into classes.  Each class 

within the training sample contains a set of pixel values with similar pixel reflectance.  These sets of 

pixels provide information regarding means and variances that are used to extrapolate classes from 
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the entire image.  Using a maximum likelihood technique an analyst is able to best identify and 

separate similar pixels into their corresponding class using visual cues.  This technique is sensitive to 

the quality of the training sample.  If samples selected for the training data are not accurately 

separated by the analyst or clearly defined by similar reflectance, error may be introduced in the 

resulting classification (Campbell and Wynne, 2011). 

In remote sensing, both active and passive sensors are used to measure spatial variability in 

crops such as wheat (T. aestivum) and corn (Zea mays) (Bhatti et al., 1991; Solari et al., 2008). The 

Trimble GreenSeeker (Trimble, Sunnyvale, CA) is an active sensor that transmits modulated light in 

the red (~650 nm) and NIR (~770 nm) wavelengths onto the crop canopy and measures the amount of 

energy reflected back. This reflected energy is used to calculate NDVI and is often related back to the 

concentration of tissue N and general plant health (Jones et al., 2015).  Although the GreenSeeker 

technology was developed and widely used in Oklahoma (Rutto and Arnall, 2004), it has gained 

popularity in the southeastern United States for use in nitrogen management (Thomason et al., 2011) 

and estimating yield potential in wheat and corn (Torino et al., 2014). One of the greatest benefits of 

using an active sensor like the GreenSeeker is its ability to emit and measure light with minimal 

interference from varying environmental conditions such as cloud cover, shadows, and changes in 

incoming solar radiation.  However, the GreenSeeker was developed to measure one vegetative index 

(i.e., NDVI) and must be positioned directly above the canopy (0.7 to 1.2 m) to collect measurements. 

In comparison, passive sensors such as point-and-shoot cameras and most multispectral 

sensors rely on the sun as an energy source.  Because they rely on sunlight, they can be strongly 

influenced by outside conditions including cloud cover and changes in incoming solar radiation due 

to time-of-day or seasonal changes in the sun’s angle.  Although image calibration can be 

challenging, passive sensors mounted on a UAV offer benefits including higher ground resolutions, 

flexible data collection, and relatively lower costs (Berni et al., 2009). The UAV-mounted sensors are 
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increasingly being used in agricultural applications such as monitoring crop biomass (Swain et al., 

2010) and nitrogen rate trials (Hunt et al., 2005). Even though there are benefits associated with using 

UAV-sensors as compared to satellites and manned aircrafts, there are new limitations and challenges 

that have been found.  Some of the challenges include sensor integration with the UAV platform, 

sensor capability, and image processing (Zhang and Kovacs, 2012). 

Another passive sensor is the field-based spectrometer, which has been used to collect short 

band spectra data of crop canopies (Hansen and Schjoerring, 2003).  Field-based spectrometers have 

been used at both the leaf and canopy level to measure NDVI in wheat and corn.  Studies by Yoder 

and Pettigrew-Crosby (1995) and Thenkabail et al. (2001) investigated the use of spectrometer 

spectral data for biomass prediction, nitrogen status in plant tissue, and chlorophyll content.  Benefits 

of using a field-spectrometer are the ability to collect a complete spectral signature throughout the 

electromagnetic (EM) spectrum and the ability to analyze narrow band spectra.  For example, Hansen 

and Schjoerring (2003) found that NDVI performed better using short bands (5 – 10 nm) than broad 

bands (> 50 nm).  This discrete spectral information can be used to enhance and improve vegetative 

indices (Gitelson et al., 1996; Hansen and Schjoerring 2003).  However, there are also disadvantages 

and limitations to using a field-based spectrometer.  The setup of less-expensive field-spectrometers 

is involved and includes many integrated parts connected with wires and a fiber optic cable making it 

impractical for large-scale field use.  More expensive units are better suited to field-use; however, the 

ability to position the sensor over the crop canopy becomes increasingly difficult later in the season.  

Regardless, passive sensors are being integrated with UAVs as a new tool for use in data collection 

and precision agriculture. 

Aerial photographs for use in agricultural have been collected remotely using satellites and 

manned aircrafts since the 1950s (Colewell, 1956; Rouse et al., 1973).  In agriculture, satellite and 

aerial imagery have been used to monitor crop growth (Stafford, 2000), soil properties (Ge et al., 
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2011), and predict crop yield (Warren and Metternicht, 2005).  The main benefit of using satellite 

data for agricultural applications is in their global coverage and continuous revisit times. However, 

coarse ground resolution and cloud clover often limit their utility in agriculture.   Manned aircraft can 

collect imagery at much higher ground resolutions, however equipment costs and cloud cover still 

limit their utility for many agricultural uses. In general, what makes satellites and manned aircraft 

ideal for collecting data over large areas also limits their use in agricultural where ground resolution, 

cost, and timeliness are imperative.  

Although much is published on the use of imagery collected from satellites and manned 

aircraft in agriculture, there are a limited number of studies using UAVs in agriculture. However, 

popularity and interest in UAV-focused agricultural applications has increased in recent years (Zhang 

and Kovacs, 2012) and many new studies are revisiting previously held ideas and investigating novel 

applications made possible with UAV technology.  Much of the initial work in agriculture highlights 

capabilities in monitoring crop status and coverage (Candiago et al., 2015), detecting weeds and water 

stress (Peña et al., 2013; Berni et al., 2009), and estimating yield and biomass (Herwitz et al., 2004). 

Additionally, there is interest in the use of UAVs to monitor nutrient-related properties such as 

nitrogen status and biomass in wheat (Gnyp et al., 2016) and corn (Berni et al., 2009).  Most current 

agricultural research and related applications are made possible due to the miniaturization of sensors 

(Berni et al., 2009) and the increased capability of small UAVs primarily due to advances in 

unmanned technology.  Most cited research that investigates multispectral imagery collected from a 

UAV references the ADC Micro (Tetracam, Chatsworth, CA, USA).  This multispectral sensor has 

been used to study vineyards and tomatoes using NDVI (Candiago et al., 2015), to create thematic 

maps of moss health (Turner et al., 2014), to identify corn and sorghum phenotypes (Shi et al., 2016), 

and to estimate banana fruit quality and yield (Machovina et al., 2017). Although this sensor is simple 

to use due to its small size and light weight, its rolling shutter makes the acquisition of clear, motion 
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free images difficult.  Additionally, challenges related to radiometric calibration make analysis under 

varying sunlight conditions difficult (Berni et al., 2009). This research expands on the need for further 

examination of UAVs and UAV-based sensors for their use in nutrient measurement. 

The main objective of this research is to investigate the use of small UAVs in measuring N 

status in plant tissue.  Additional ground-based sensors are included in the study and used to compare 

and contrast sensor capabilities as well as data collection procedures. The vegetative index NDVI is 

used to compare and validate sensor measurements against in-situ field measurements of plant N 

concentration.  Specific objectives include; 

(1) Investigation of the effects resulting from the removal of non-vegetative reflectance (i.e., soil, 

shadow, and specular reflectance) from UAV-acquired multispectral imagery on the calculation of 

NDVI. 

(2) Analysis and validation between NDVI and plant tissue nitrogen in wheat (T. aestivum) and corn 

(Zea mays) for all sensors tested. 

(3) A comparison between a UAV-mounted multispectral sensor and two ground-based sensors (a 

Trimble GreenSeeker and Ocean Optics field-spectrometer). 

2.2 Materials and Methods 

2.2.1 Experimental Setup 

2.2.1.1 Research Locations 

Four N rate trials were conducted over two growing seasons between October 2014 and 

September 2016. Two were conducted in winter wheat (T. aestivum) and two in corn (Zea mays).   In 

2014-2015, the experiments were setup and conducted in Plymouth, North Carolina (NC) and in 

Raleigh, NC for the 2015-2016 season (Fig. 2.1).  The 2014-2015 trials in Plymouth were located at 

the Tidewater Research Station. The soils at this site are predominately Cape Fear (Fine, mixed, 
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semiactive, thermic Typic Umbraquults) and Portsmouth series (Fine-loamy over sandy or sandy-

skeletal, mixed, semiactive, thermic Typic Umbraquults). Ultisols dominate the region and rainfall 

averages 127 cm annually.  During the 2014-2015 trials, a total of 2.6 ha at Plymouth were used for 

the two N rate trials including winter wheat (1.8 ha) and corn (0.8 ha). 

In 2015-2016 season, the trials were moved to the Lake Wheeler Road Field Laboratory in 

Raleigh, NC.  The Cecil series (Fine, kaolinitic, thermic Typic Kanhapludults) was the dominate soil 

series. Parent material in this area is made up of primarily residual granite, gneiss, mica, and schist. 

The soils in this region are primarily Ultisols that are fine-textured. The average annual rainfall in the 

Piedmont is 114 cm annually.  In Raleigh, a total of 0.33 ha was included in the two trials, 0.14 ha in 

winter wheat, 0.19 ha for corn. 

2.2.1.2 Experimental Design 

2.2.1.2.1 Plymouth, NC 

The Plymouth wheat trial included three N treatments replicated four times for a total of 

twelve plots. The experiment was setup as a randomized complete block design (RCBD) (Fig. 2.2). 

Plots were setup as strips 30.5 m long by 9.1 m wide. The plot width was set to match that of the 

application boom and harvesting equipment.  The wheat was planted on October 28, 2014 and a 

starter application of urea ammonium nitrate (UAN) (30, 0, 0) was applied the following day at rates 

of 0, 17, 34 kg ha-1. Rates represented a low, middle, and high treatment, respectively. Prior to 

application, the N rates were set using manufacturer recommended nozzles and their corresponding 

calibration tables.  The applicator was closely monitored for consistent application within each 

treatment area.  A top-dress application was applied 126 days after planting (DAP) on March 3, 2015.  

Nitrogen rates of 0, 84, and 168 kg ha-1 were applied to the low, middle, and high treatments using the 

same UAN source. Rows and alleys separating the plots were mowed and chemically controlled using 

glyphosate. The plot border remained weed free throughout the trial and allowed space for data 

collection. These borders also allowed for clear visual identification of the plots areas in the UAV-
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acquired imagery.  The cropping history at the site included long-term pasture followed by a single 

soybean crop.  

The 2015 corn trial in Plymouth was setup with three N treatments replicated eight times (24 

plots total) arranged in a RCBD (Fig. 2.3). The dimensions of the plots were 12.2 m long by 4 m wide 

(four rows).  The corn plots were paired with a related sensor trial and positioned on both sides of the 

main trial area.  Border rows were planted and maintained alongside the entire trial area.  The corn 

was planted on April 27, 2015 with three starter N rates (0, 112, and 280 kg ha-1), again representing a 

low, middle, and high treatment. Solution UAN (30-0-0) was applied as the N source. At 42 DAP on 

June 8, 2015 (V7), a side dress application of UAN was applied at rates of 0, 112, and 280 kg ha-1 to 

supplement to the low, middle, and high treatments from the earlier starter application. At 62 DAP on 

June 29, 2015 (V12), a final, late-season N application was applied at rates of 0, 112, and 280 kg ha-1. 

Along alleys, the corn was removed for data collection and plot identification.  The crop history in 

this field includes a corn (2010) – soybean (2011) – cotton (2012) – corn (2013) – soybean (2014) – 

corn experiment (2015) rotation. 

2.2.1.2.2 Raleigh, NC 

Following the 2015 trials in Plymouth, two additional trials were conducted in Raleigh. The 

trials were relocated due to logistical and budgetary constraints and again included winter wheat and 

corn.  The wheat experiment included four N treatments replicated six times for 24 total plots. An 

additional higher rate treatment (135 kg ha-1) was added in order to produce a greater range in tissue 

N and match the high N rate from the Plymouth wheat trial. As before, the plots were arranged in a 

RCBD (Fig. 2.4). The size of the plots was decreased to 9.1 m long by 1.5 m wide to minimize the 

spatial variability within plots and simplify the collection of UAV-based imagery.  The wheat was 

planted on November 18, 2015, and due to poor communication, a uniform application of 22 kg ha-1 

of UAN (30-0-0) was applied as starter fertilizer to all plots. As such, the starter applications differed 
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between the Plymouth and Raleigh wheat trials.  At 87 DAP on February 12, 2016 (Z10), a spring 

application of UAN (30-0-0) was applied using a backpack sprayer at rates of 0, 45, 90, and 135 kg 

ha-1.  Before application, the sprayer was setup using manufacturer recommended nozzle sizes and 

pressures. In the field and before application, the backpack sprayer was calibrated using measured 

volumes. All rates and volumes were verified before each treatment was applied. During application, 

spray pressure was monitored to assure a consistent application within each treatment and a 

metronome was used to keep consistent speed and uniform rate across each plot.  In late spring, a 

second top-dress application of UAN was applied 127 DAP on March 24, 2016. Although a few 

weeks later than recommended, this application was used to further separate tissue N levels for 

measurement.  Again, the same rates of UAN from the earlier application (0, 45, 90, and 135 kg ha-1) 

were applied to the low-to-high treatments.  Alleys perpendicular and parallel to the wheat plots were 

treated with glyphosate to ease data collection and visual identification in imagery.  Previous crops 

planted in the trial include wheat followed by sorghum. 

The 2016 corn trial in Raleigh included five N treatments and one nitrogen-rich strip 

replicated six times for a total of 36 plots. The experiment was arranged in a RCBD (Fig. 2.5). An 

additional two treatments were added in order to improve the range in tissue N and fill gaps in tissue 

N observed the previous year. The dimensions of the plots were 10.7 m long by 4 m wide, similar to 

the plot size used in Plymouth (12.2 m long by 4 m wide).  The corn was planted on April 27, 2016 

and the aforementioned backpack sprayer was used to apply the five starter N rates of UAN (30-0-0) 

at 0, 34, 67, 101, and 135 kg ha-1. The N-rich strip received 280 kg ha-1.  By including the N-rich 

strip, a set of similar rates were applied as in Plymouth. Following the same procedure as before, the 

backpack sprayer was calibrated and verified before each application. Alleys perpendicular to the 

corn rows were removed for data collection and for visual identification in imagery. At 42 DAP on 

June 8, 2016 (V5), a side-dress application of UAN (30-0-0) was applied to match the low-to-high 
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treatments from the previous starter application (0, 34, 67, 101, 135, and 280 kg ha-1). This field sat 

fallow during the previous 2015 growing season, but is historically in a corn (2014) – soybean (2013) 

rotation. 

2.2.2 Data Collection 

The data collected throughout this project includes i) UAV-based multispectral and color 

imagery, ii) Trimble GreenSeeker (RT – handheld) measured NDVI, iii) Ocean Optics field 

spectrometer (USB2000+) canopy reflectance, and iv) destructive tissue samples.  Each of these 

remote sensing technologies is classified as either active or passive depending on the source of 

reflected energy.  The GreenSeeker is an active sensor that uses internally generated energy, while the 

field spectrometer and UAV-mounted sensors are passive sensors that depend on natural sunlight for 

measurements. To minimize potential differences from varying energy sources, all data collection 

activities were performed on the same day from 9 am to 3 pm, and when possible within similar 

sunlight conditions. The order of data collection was also held consistent to minimize potential 

variations in sunlight that occur with the time-of-day.  Keeping the data collection to a single day also 

minimized potential changes in crop characteristics. Although changes in biomass, nutrient levels, 

crop color, and crop height occur gradually throughout the season, small daily changes are possible 

during rapid periods of growth. Collecting data on the same day removed this uncertainly.  

Throughout each of the four trials, measurements were collected approximately twice a month until 

plant senescence. 

2.2.2.1 Ground Measurements 

2.2.2.1.1 Trimble GreenSeeker 

The Trimble GreenSeeker (Trimble Inc., Sunnyvale, CA) is an active sensor that measures 

reflectance at red (~650 nm) and NIR (~770 nm) wavelengths. The sensor is considered active due to 

its use of modulated light as an energy source. Because the light is modulated, the sensor can take 
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measurements throughout the day without interference from similar wavelengths produced by the sun.  

Once the reflectance at these wavelengths is measured, NDVI is calculated in near-real time, and 

displayed to the operator. The data are also stored by the software and can be downloaded later. The 

sensor records at 10Hz, but the average NDVI value was used to represent an entire treatment area. 

Throughout all trials, the sensor was mounted on an adjustable pole, tilted so that the detector faced 

directly down, and carried ~0.7 m above the canopy, which is at the lower end of the recommended 

height range (0.7 to 1.2 m); however, this height was used to maintain consistency between 

measurements throughout the growing season. Positioning the sensor ~1 m above canopy late in the 

corn season is nearly impossible due to the overall canopy height. 

In Plymouth, during the wheat trials, the GreenSeeker was used to collect measurements 

within a 0.0001 ha (1 m2) area that was visually representative of the entire strip.  This 1 m2 sub-

section of the treatment area was selected to minimize the outside effects from previous grazing, 

feeding, and defecation patterns observed in the field. GreenSeeker measurements were collected by 

moving the sensor back and forth 0.7 m above the canopy for a set period of time. Within each 

treatment, five measurements were recorded to ensure consistency and reduce sampling error.  The 

average of five readings was calculated and used to represent each plot.  As backup, hand written 

measurements were recorded and verified against the data recorded by the software. Dates of 

GreenSeeker measurements are listed in Table 2.1. 

During the 2015-2016 wheat trial in Raleigh, GreenSeeker was carried ~0.7 m over the 

canopy with the operator walking down the alleyways. Measurements were repeated three times to 

eliminate potential systematic error between operators on the same sampling date. The same side of 

the plots were measured between sampling dates to assure consistency and maintain reliability. 

Differences between Plymouth and Raleigh sampling methods were primarily due to plot size; 

however, conscientiously sampling over similar sized areas minimized concerns over spatial 
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heterogeneity.  The plot size was minimized in Raleigh to make the plots easily identifiable in the 

UAV imagery. 

Throughout both the 2015 corn trial in Plymouth and the 2016 corn trial in Raleigh, the 

GreenSeeker was positioned ~0.7 m above the canopy and carried along the corn rows. In order to 

ensure representative data and avoid N rate transition areas, only the middle section of the plot was 

measured. Measurements started after taking two steps into the plot and ended two steps before the 

end. To maintain consistency between measurement dates, the second row from the right was always 

measured. The GreenSeeker sensor was carried 0.7 m above the canopy and along the row.  

GreenSeeker measurements were repeated three times for consistency and accuracy. The repeated 

measurements were used to calculate an overall average for each plot.  Dates of GreenSeeker 

measurements are listed in Table 2.1. 

2.2.2.1.2 Ocean Optics Spectrometer 

The Ocean Optics USB2000+ spectrometer (Ocean Optics, Dunedin, FL) is a custom-built 

spectrometer used for collecting hyperspectral data in the electromagnetic spectrum from 200 (ultra-

violet) to 1100 nm (NIR).  The Ocean Optics field spectrometer is a passive sensor that can be used 

for a variety of applications such as reflectance, absorption, transmission, and emission (OceanView, 

2013).  The spectrometer is connected to a computer via USB and measurements are recorded using 

an attached fiber optic cable.  A 600-micron fiber optic cable was used with a cosine corrective lens.  

The cosine corrective lens collects data from a 180° field-of-view (FOV) and adjusts the influence of 

solar radiation based on the angle, thus minimizing the effect from reflected light entering at off-

angles.  OceanView software was used to calibrate, measure, and record the reflectance across the 

EM spectrum.  A manufacturer’s recommended setup procedure was performed before each 

measurement to assure that the spectrometer and software were adjusted properly to the current 

incoming solar radiation.  An integration time was automatically set to 85% of the spectrometer’s 
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dynamic range while the fiber optic lens was pointed at the sun.  The number of scans to average was 

set to five, and the boxcar width set to four.  In order to radiometrically calibrate the spectrometer, a 

Labsphere certified reflectance standard was used to set ‘Electric Light’ (complete reflectance), and a 

dark cloth was used to set ‘Electric Dark’ by covering the lens until the reflectance baseline was zero.  

In order to minimize the variation in incoming solar radiation resulting from intermittent cloud cover, 

the spectrometer measurements were collected on days with minimal-to-no cloud cover, or solid 

cloud cover. 

Throughout all trials, the spectrometer was positioned above the crop canopy and pointed 

directly down. After initial testing at different heights, it was concluded that additional height 

measurements provided no extra information and that a single height 0.15 m was appropriate. 

Visually representative areas ~1 m2 were selected within all plots to perform the measurements. 

Measurements were taken in this order for every plot: A direct sun measurement, three measurements 

at 0.15 m above the canopy, one of the calibration disk, and then another direct sun measurement. The 

sun was measured twice to ensure there was minimal difference in incoming solar radiation between 

the start and the end of a measurement sequence. If a difference between both sun measurements was 

observed, then all measurements were collected again. The radiometric recalibration was done to 

remove the potential effects that solar angle and changing atmosphere conditions have on 

measurements taken at different times throughout the day.  A new set of measurements was recorded 

at each plot and the spectrometer was recalibrated before each measurement sequence.  Measurement 

dates for the spectrometer during the wheat and corn trials are listed in Table 2.1. 

2.2.2.1.3 Soil and Tissue Sampling 

Before each trial, a soil T-probe was used to collect between 8 to 12 soil samples randomly 

within each block. Soil samples were collected during the Plymouth wheat trial and the Raleigh wheat 

and corn trials.  The samples were collected to a depth of 15 cm and combined in a bucket. The soil 



42 

 

was mixed by hand and sent to the North Carolina Department of Agriculture and Consumer Services 

(NCDA&CS) soil testing lab for analysis (see appendix; Table B.1).  The soil samples were used to 

verify the homogeneity of physical and chemical characteristics between replications.  The analysis of 

N concentration within the soil was not included due to known uncertainty for soil N tests in North 

Carolina. 

Leaf tissue samples were collected to validate both the ground sensors and UAV-derived 

measurements (Table 2.1).  During the Plymouth wheat trial, approximately five tissue samples were 

collected and between 8 to 12 tissue samples were collected during the Raleigh wheat plots from an 

area representative of typical growth and color. Samples included wheat tissue cut 1.3 cm above the 

ground with dead leaf tissue removed (Weisz and Heiniger, 2004). Biomass samples were also 

collected and involved collecting wheat tissue from a 0.9 m section or row representative of the plot.  

Corn tissue samples were collected from 10 to 12 plants located in the middle two rows of the 4-row 

treatment. Plants were selected by stopping at random locations within the row and alternating 

between the two middle-rows. The plant part collected was determined by height and growth stage.  

When corn plants averaged less than 0.3 m tall (before V3), the entire plant was collected.  When the 

corn plants averaged greater than 0.3 m tall (after V3), the mature leaf below the whorl was collected 

(NCDA&CS, 2016). A leaf was considered mature and fully developed when it had a sheath (collar) 

and had completely unrolled from the stalk.  At the same representative locations for tissue sampling, 

wheat and corn plant heights were measured and staged throughout the trial.  Tissue samples were 

analyzed by the NCDA&CS laboratory in Raleigh, NC. In addition to the standard panel of results, 

nitrate nitrogen was also analyzed for all tissue samples.  While sampling the wheat and corn tissue, 

the plant heights were measured and staged at each sampling date. 
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2.2.2.1.4 Meteorological Data 

A weather station, placed adjacent to each trial, collected meteorological data including air 

temperature, relative humidity, precipitation, wind speed and direction, solar radiation, and 

photosynthetically active radiation.  The data were acquired every 30 minutes and recorded by a 

CR1000 Campbell Scientific data logger (Campbell Scientific Inc., Logan, UT). Datasets were 

downloaded at the end of each trial and provided background information on the within season 

weather conditions and to quantitatively describe the wind conditions during UAV flights. 

2.2.2.2 Unmanned Aircraft Vehicle (UAV) – Acquired Imagery 

Aerial imagery was acquired by two rotary UAV platforms, custom-built and DJI Inspire Pro 

(DJI, Nanshan District, Shenzhen, China).  All flight operations were conducted by the NC NextGen 

Air Transportation (NGAT) Center. The NGAT team is a collection of engineers, flight operations 

staff, and researchers assembled to support the statewide integration of UAVs into the National 

Airspace and to modernize aviation transportation in the state.  NGAT provided the UAV aircraft, an 

integrated color camera, a pilot and observer, and handled all the official Federal Aviation 

Administration requirements regarding permissions and registration.  The custom-built UAV 

(quadcopter) had to be flown manually throughout the flight because it did not have the hovering 

capability. The UAV carried the multispectral sensor using Velcro straps to mount the sensor securely 

to the base of the aircraft.  Following the initial wheat trial in Plymouth, a rotary platform was 

purchased and provided to NGAT for future flight operations.  This platform (DJI Inspire) is bundled 

with an integrated, high-definition color camera (Zenmuse Z3) that can collect images at a resolution 

of 12 megapixels, records video at ultra-high-definition (4K), and weighs less than 300 g (DJI, 2017).  

With both UAV-platforms, the multispectral images were collected using a Tetracam ADC Micro 

(Tetracam Inc., Chatsworth, CA). The Tetracam ADC Micro is a small, lightweight sensor that 

captures high resolution (3.2 megapixels) images in Red (630 – 690 nm), Green (520 – 600 nm), and 

NIR (760 – 900 nm) spectral ranges.  A blue-blocking filter is used within the sensor to detect red, 
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green, and NIR wavelengths only (Tetracam, 2017).  The multispectral sensor was set to auto-

exposure capturing images every 3 seconds (s).  All flights were scheduled between 10 am and 12 pm 

to normalize the sun’s angle and position between dates and to minimize potential differences in 

shadows cast by plant vegetation. 

2.2.2.2.1 Winter Wheat UAV Image Acquisition 

During the 2014-2015 wheat trial in Plymouth, multispectral images of each plot were 

collected using a custom-built rotary platform (quadcopter), while the images collected the following 

season in Raleigh utilized the DJI Inspire.  In Plymouth, UAV-acquired imagery was collected (~ 5 

images) at approximately 15.2 m in altitude at each 1 m2 treatment area that was measured with the 

GreenSeeker, spectrometer, and tissue samples. The multispectral sensor was set to auto capture 

every three seconds, and before and after each flight radiometric measurements were collected for 

calibrating the images during post-processing. Small reflective panels were used to outline the 1 m2 

measured area for clear identification during image analysis. 

For the 2015-2016 wheat trial in Raleigh, the UAV was flown at 35, 55, and 75 m heights.  

At the 35 and 55 m heights, the pilot used waypoint guidance to automate the image collection 

process during flight.  At 75 m in altitude the UAV was flown manually by hovering over the 

research plots taking images. Each height had a different number of images where the 35 m had 

approximately 100 images collected and the 55 and 75 m heights had approximately 10 images 

collected. 

2.2.2.2.2 Corn UAV Image Acquisition 

The custom built rotary quadcopter was used to collect multispectral images in Plymouth, 

while the DJI Inspire was used to collect the multispectral images in Raleigh. Both trials used the 

Tetracam ADC Micro sensor to collect the multispectral images. In Plymouth, the multispectral 

sensor was mounted to the custom-built rotary platform (quadcopter) using a consumer-grade gimbal 

to counteract off-nadir UAV-movements.  Approximately five multispectral images for each plot 
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were collected by moving to each plot and piloting the UAV over the treatment area. Before each 

flight, stakes with polyvinyl chloride (PVC) tiles were place on the outside corners of each treatment 

area for easy identification during image analysis.  The sensor was programmed to record images 

every three seconds and radiometric measurements were collected before and after every flight for 

calibration during image post-processing. Two flights at 35 and 50 m altitude were flown to match the 

imagery collected during visible flights.  In Raleigh, the multispectral images (~50 images) were 

collected using the DJI Inspire UAV. During this trial, the multispectral sensor was mounted to the 

integrated gimbal using a custom bracket and a protective case. The pilot created and saved flight 

paths to collect the multispectral images of the research plots at 35, 75, and 100 m so that all images 

can be collected within one flight.  On average, 300 images were taken throughout the flight 

including radiometric calibration, liftoff, and landing. 

2.2.2.2.3 UAV Visible Image Acquisition for Wheat and Corn 

The Zenmuse Z3 sensor was used to collect visible color imagery and the live video output 

from the Inspire UAV was used to help position the aircraft, hover over the research plots, and collect 

images with the required 80% side and 60% forward overlap.  To collect the color imagery during the 

Plymouth corn trial, the DJI Inspire was manually operated by a NGAT pilot at two heights, 35 and 

50 m.  The speed of the aircraft during image acquisition was maintained at approximately 4.5 ms-1.  

Images were collected by a separate operator using a paired controller.  To the best of our ability and 

given the manual operation of the camera, the color images were collected with the recommended 

overlap required during the mosaicking process.  After capturing visible imagery, a second flight was 

performed with the multispectral sensor. 

During the Raleigh wheat trial, the DJI Inspire was manually flown at 35, 55, and 75 m for 

the entire field.  Images for the Zenmuse camera were collected manually by the NGAT pilot as the 
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UAV was travelling approximately 4.5 ms-1. Similarly, to the Plymouth corn trial, the images were 

taken at the recommended overlap then a second flight with the multispectral sensor was performed. 

For the Raleigh corn, a flight plan was created to collect images with enough overlap at 35, 

55, and 75 m for the entire field including the research plots.  After the NGAT pilot performed the 

liftoff, the flight plan was initiated and the DJI Inspire performed the flight and landing 

autonomously.  Afterwards, the multispectral sensor was flown over the research plots at the same 

heights, but without the flight plan. 

2.2.3 Flight and Sensor Configuration 

Agisoft PhotoScan Professional software product (Agisoft LLC, St. Petersburg, Russia) is a 

stand-alone software product that performs photogrammetric processing of digital images. It was used 

to develop georeferenced orthomosaics, produce digital elevation models, and process multispectral 

imagery.  Agisoft recommends sufficient overlap when collecting images to avoid gaps and to 

produce quality orthomosaics.  In order to achieve the required overlap, each mission was carried out 

at a single altitude, a constant speed, and with a fixed image acquisition rate.  Flight plans were 

designed to account for each sensors’ FOV.  An intervalometer function within each sensor was 

programmed to capture images every second for the visible camera, and every three seconds for the 

multispectral sensor.  The manufacturer recommended a 3-second interval to assure proper exposure 

and to avoid potential data corruption from rapid read and write operations. Constant, slow flights 

helped minimize image distortion and motion blur.  Camera settings including exposure, aperture, and 

sensitivity (ISO) were set automatically by the camera at the time of image acquisition. 

2.2.4 Geographic Registration and Radiometric Calibration of UAV Imagery 

Ground control points (GCP) were used to geographically register the UAV-acquired 

imagery. This process involves placing visually identifiable markers at known spatial locations before 
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imagery is acquired, then matching those locations to geographic coordinates. The resulting 

georeferenced images assure spatial properties such and length and area are accurate and 

representative.  To assure that the markers were visible above the crop canopy, GCPs were 

constructed of white, 8×8-inch polyvinyl chloride (PVC) tiles and attached to a 1.5-meter wooden 

stake (Fig. 2.6). The GCP were installed and left in place throughout the season unless required to 

remove due to concerns over equipment damage or sprayer avoidance. In those cases, the GCPs were 

removed after flights. To collect the GCP locations, a Geoexplorer 6000 series Trimble GeoXT 

handheld receiver (Trimble Inc., Sunnyvale, CA) was held over the marker and 60 points were 

averaged.  The receiver was set to use a WASS real-time correction at each location. 

To calibrate the UAV imagery for each sampling date a radiometric calibration was 

performed.  A radiometric calibration adjusts the image to a standard, known surface reflectance.  In 

order to radiometrically calibrate the images to the sunlight conditions before and after each flight, a 

square, white Teflon panel provided by the manufacturer was used. 

2.2.5 Data Pre-processing 

The pre-processing of ground-based data included the download and export from the 

measurement device, the matching of measurements to plot numbers and treatments, removal of 

erroneous data, and a data quality assurance procedure. The data quality process included comparing 

similar measurements from literature with values measured throughout this project.   After each 

flight, the images were manually pre-processed before the vegetative index (i.e. NDVI) was 

calculated.  The pre-processing of the UAV-acquired data included the download of images off the 

flight controller, transforming the images from RAW to TIFF image format, selection of 

representative images, mosaicking, georeferencing, and a radiometric image adjustment. 
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2.2.5.1 GreenSeeker 

The GreenSeeker data were downloaded from Trimble Capture software used to collect data 

on the handheld GPS.  The file was imported into Microsoft Excel and matched against hand written 

NDVI values. Values that differed by more than 0.2 NDVI units were further investigated until the 

cause for the mismatched records was resolved. Unresolved differences between values were 

removed.  After matching the GreenSeeker measured NDVI values with their corresponding plot 

identification numbers, the data were merged to include the treatment and replications. 

2.2.5.2 Field Spectrometer 

The field spectrometer records reflectance data from 200 nm to 1100 nm as a comma 

delimitated text file that contains values for wavelength and the reflection measured at that 

wavelength.  For each plot, a single data file was generated and saved according to the measurement 

date and plot identifier.  Using the statistical software, R (R Core Team, 2013), the red (670 nm) and 

NIR (800 nm) reflectance values were extracted and used to calculate NDVI.  These single values 

were selected as done in previous work by Rouse et al. (1973) for calculating NDVI. 

2.2.5.3 UAV-Acquired Multispectral Imagery 

2.2.5.3.1 Image Selection and Color Processing 

Multispectral imagery collected by the ADC Micro was saved to an internal micro SD card in 

a 10-bit RAW format.  To convert the images to a JPEG or TIFF format, the images were imported 

into Tetracam’s image processing software called PixelWrench II (Tetracam PixelWrench2, 2017).  

During the import process, the software applies manufacturer provided correction factors specific to 

the camera to convert the RAW image into a false-color infrared representation. Due to the large 

number of images to process, a batch process was utilized for conversion to a JPEG format.  Post 

conversion, images were removed if they were collected at liftoff and landing, with motion blur, poor 

exposure, at the wrong altitude, or at an off-nadir orientation. From the remaining set of images, each 

plot was identified and the image that best represented the area was archived for later analysis.  



49 

 

Images of the calibration panel were also visually identified and imported into PixelWrench for use in 

radiometric calibration. The calibration panel that best matched the ‘cyan’ color as described by the 

Tetracam documentation was selected as the most representative and used to calibrate all images 

collected that day.  As an additional check, histograms were plotted to verify that the reflectance 

across the calibration panel was ‘normally-distributed’ as recommended by the manufacturer.  Once 

selected, the radiometric calibration was set in the PixelWrench software and used to adjust the 

NIR:Red ratio.  All calibrations were saved as a color processed file and archived.  As a final step 

before analysis, the selected RAW images were re-processed into a higher-resolution TIFF format 

using the newly created radiometric calibration. 

2.2.5.3.2 Supervised Classification 

Supervised classification is an image classification technique that allows an analyst to assign 

each pixel within an image to a particular class based on a training sample. The training sample is 

developed by the analyst by selecting groups of pixels with similar spectral characteristics (i.e. color). 

Statistics describing each group within the training sample are then used by an algorithm to classify 

the remainder of the image. A supervised classification was performed on all UAV-acquired 

multispectral imagery to identify and select all vegetated areas before calculation of NDVI. Due to 

the relatively high spatial resolution of UAV-acquired imagery (~2 – 5 cm ground resolution), 

features other than vegetation, including the soil between rows and shadows cast by vegetation, were 

classified and removed before analysis.  Unsupervised classification was also attempted but the 

results were inaccurate due to the undefined training samples by the user.  Without defining each 

class by their spectral signature, this allowed for more blending of pixels across all image classes.  

 Image classification was performed in ArcMap (ESRI, Redlands, CA) using the Image 

Analysis toolbar and a maximum likelihood technique.  The training sample was developed using the 

false-color infrared images. When images were mosaicked together, a common training sample was 
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used to classify the entire area, otherwise individual training samples were developed per image. The 

training samples were developed by selecting areas that best represent the features to classify. 

Between all trials, three classes were clearly identifiable in the images: vegetation, shadows, and soil. 

However, for the corn trials, specular reflectance was an additional class that was identified.  Specular 

reflectance is the mirror-like reflection of sunlight off a surface.  The specular reflection of the 

incoming solar radiation is often termed glint (Adamo et al., 2009) and is referred to as such in this 

paper. Glint appears as a bright, washed-out white color in the multispectral imagery and is not 

representative of the reflection off the canopy surface.  Training samples included four to eight user-

defined areas per class. Multiple areas were identified and selected for each class to ensure that 

adequate spectral information was identified in the class signature. Before saving the signature file, 

the spectral separation of the classes was checked and compared using histograms (Fig. 2.7) and 

scatterplots (Fig. 2.8). The histograms represent the count of pixels at a given reflectance colored by 

class for each of the two wavelengths used in the NDVI calculation (i.e., red and NIR). Reflectance 

values using digital numbers are scaled 0-255 and represent 0-100% reflectance. Additionally, 

scatterplots of red versus NIR reflectance were plotted and used to help determine the appropriateness 

of the training sample. When significant overlap in the clustering of classes was observed (Figs. 2.7 

and 2.8), training samples were added or removed until a clear separation occurred. Once satisfied 

with the signature file, the maximum likelihood classifier was used to classify the image. 

2.2.5.3.3 Removal of Non-Vegetation From UAV Images 

After the supervised classification was performed, the non-vegetative classes (i.e. shadows, 

soil, and glint) were used to mask out and remove those areas from the original image before NDVI 

was calculated. This was done by first converting the classified image into a polygon shapefile where 

each polygon was assigned an attribute that corresponds to its class.  The polygons that represent the 

vegetation area were then selected and exported to a new layer.  Using this vegetation-only layer, the 

original false-color image was clipped so that all non-vegetative areas were removed. The resultant 
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image contained the vegetation-only area and was used in the calculation of NDVI. To gain a better 

understanding of the variability and challenges in the removal of non-vegetative areas, the 2015-2016 

wheat and corn trials from Raleigh, NC were analyzed. The image classification and non-vegetative 

class removal were performed for the Plymouth trials as well, but were not included in this analysis 

due to inconsistencies in image collection that prevent a fair comparison across different imagery 

dates. 

2.2.5.4 UAV-Acquired Color Imagery 

All UAV-acquired color images were saved in a 24-bit JPEG format.  After each flight, the 

highest quality images were selected using visual identification. All images taken at the non-desired 

altitude as well as during liftoff and landing were identified and removed. Images with motion blur, 

poor exposure, improper height, or off-nadir were also removed.  The remaining set of images were 

then mosaicked together and color corrected using the manufacture recommended calibration 

procedure.  If unable to complete the mosaicking process, then additional images were added until a 

solution was found.  The definition of ‘low quality’ as it relates to the images was based on a 

recommended threshold value provided by the Agisoft software.  Once mosaicked, the aerial survey 

was georeferenced in ArcMap (ESRI, 2011) using tools provided within the ArcGIS georeferencing 

toolbar and GCPs collected using a handheld GPS. Before rectification, the GPS coordinates were 

transformed into a projected coordinate system (North Carolina state plane) to best match the 

Cartesian nature of the aerial image. 

2.2.6 Data Post-processing 

2.2.6.1. Calculating NDVI From UAV-Acquired Multispectral Imagery 

After the removal of non-vegetative areas within the image, the vegetation-only false-color 

image was used to calculate NDVI.  Using the editing tools in ArcMap, an outline of each treatment 

area within the image was created.  These outlines represent the perimeter of the treatment area and 
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were used to clip individual treatment areas from the vegetation-only image.  The Image Analysis 

tool was used to calculate NDVI for each treatment area.  This tool uses the digital numbers that 

represent the red and NIR spectral reflectance bands within the false-color image to calculate NDVI 

on a pixel by pixel basis.  The pixels representing NDVI values were averaged for each treatment and 

recorded in a Microsoft Excel (Microsoft, Redmond, WA) spreadsheet for analysis.  

2.2.7 Statistical Analysis 

Before running the maximum likelihood supervised classification, histograms and scatterplots 

were created in ArcMap to verify the separation of classes.  The histograms were used to plot the 

pixel count in each band for each class identified in the UAV-based multispectral imagery (i.e., soil, 

shadow, vegetation, and glint) by their digital number (i.e., reflectance).  Additionally, scatterplots 

were used to compare the NIR and red spectral bands to each other to further verify class separation. 

Box-and-whisker plots were produced to summarize the four image classes (i.e. vegetation, 

soil, shadow, and glint) within each treatment and for each measurement date.  In all figures 

presented, boxplot whiskers represent the minimum and maximum values, the box represents the first 

and third quartile ranges, the solid line represents the median area within each class, and the diamond 

represents the mean. 

After the pre- and post-processing procedures were performed, the ground- and aerial-based 

measurements of NDVI were combined into one Excel spreadsheet. Correlation analyses between 

NDVI and tissue N were performed for each measurement date and sensor tested.  Correlations were 

used to measure the strength of the relationship using R2 and p-values.  Linear regressions models of 

the relationship between NDVI and tissue N were developed for each measurement date and each 

sensor tested. These relationships were used to investigate sensor response at different growth stages 

and also across the entire growing season.  To determine if relationships differed between sensors, 
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95% confidence intervals (CI) were calculated for all significant linear regressions.  The CI were then 

compared both within and across sampling dates to determine if sensor relationships differed by 

significant amounts. 

In order to determine the rate at which red reflectance and NIR reflectance varied over time, 

the average red and NIR reflectance values from the UAV-acquired imagery were used.  Linear 

regressions and correlation analyses between individual band reflectance and tissue N were 

performed for each measurement date.  The percent change between measurement dates for red and 

NIR reflectance were calculated to determine the relative importance of individual bands in the 

calculation of NDVI over time. 

2.3 Results and Discussion 

2.3.1 Image Classification and Removal of Non-Vegetative Features 

2.3.1.1 Plymouth Wheat and Corn (2014-2015) 

The image classification and non-vegetative class removal analysis were performed for the 

Plymouth trials, but were not included in this analysis due to inconsistent image collection.  During 

both of these trials, a custom-built rotary UAV was used that did not have the hovering capability to 

consistently collect images 35 m above the plots.  Therefore, if included in this analysis there would 

be an unequal comparison across different imagery dates and trials. 

2.3.1.2 Raleigh Wheat (2015-2016) 

Multispectral images of the 24 wheat plots across three dates were classified into three 

different classes; shadow, soil, and vegetation, using a supervised maximum likelihood technique. For 

each class, the percent area was calculated by summing the total number of pixels within each class 

and dividing by the total number of pixels within the plot.  The percent area represents the percent of 

the treatment area that is within each class.  The percent areas classified as vegetation, shadow, and 

soil were summarized using boxplots across all three dates and presented in Figure 2.9. Glint was not 
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observed in the Raleigh wheat trial and therefore was not classified. During the winter wheat trial, 

samples were collected on three dates; 114 (March 11), 127 (March 24), and 142 DAP (April 8).  The 

dates of data collection and UAN applications in relation to a theoretical winter wheat N uptake curve 

are shown in the appendix (Fig. B.1). 

2.3.1.2.1 Vegetation 

As seen in Figure 2.9a the average vegetated area within each plot initially decreased by 21% 

from 114 (75%) to 127 (54%) DAP, but then leveled-out and remained relatively stable to 142 DAP 

(55%).  The initial decrease in vegetated area was unexpected as vegetation is expected to increase 

over time with increased plant growth. However, poor image quality and image ‘blur’ explain the 

initial decrease in vegetated area between the first two sampling dates (Fig. 2.10). Image blur can 

occur when a sensor becomes unstable due to factors such as aircraft vibration or erratic movement.  

Figure 2.10 illustrates the effect of image blur on the resulting image classification. The image with 

blur (Fig. 2.10a) resulted in a higher percentage of vegetative area (79%) compared to a similar image 

(Fig. 2.10c) without image blur (48%).  As a result, the vegetation area 114 DAP (Z30) overestimated 

the actual area. 

Excluding the date with image blur and instead beginning 127 DAP (Z31), the average 

percent area covered by vegetation within each treatment area stayed relatively constant from 127 to 

142 DAP (Z45) (Table 2.2) as illustrated in Figure 2.9a.  Although there was a small change in 

vegetated area from 127 to 142 DAP, differences were observed in vegetated area across treatments 

on both dates (Fig. 2.11). The average vegetated area on both 127 and 142 DAP increased 37% from 

the zero N rate to the 44.8 kg ha-1 N rate. The average vegetated area generally plateaued between 56 

to 78% from the 44.8 kg ha-1 N rate to the 134.5 kg ha-1 N rate at both 127 and 142 DAP.  In other 

words, from 127 to 142 DAP, the average vegetated area remained level at around 66% for all N rates 
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except the zero N rate.  The zero N rate had an average vegetated area of approximately 20% from 

127 to 142 DAP. 

2.3.1.2.2 Shadow 

Over the wheat growing season, the average area classified as shadow within the plots 

increased from 0 to 32% (Fig. 2.9b; Table 2.2). The increase in shadowed area occurs because as the 

wheat grows taller over the season, so does the potential for shadows.  The size of the shadows cast 

also changes based on the time of day and sun angle. However, throughout this project, images were 

collected between 10 am and 12 pm minimizing the effects of sun angle on shadowed area. The 

largest increase in area occurred between 114 and 127 DAP and resulted in a 30% increase in 

shadowed area.  At 114 DAP (Z30), the wheat averaged 8 cm in height.  At this height and sun angle, 

the shadows cast by the wheat were unidentifiable across all treatments via image classification.  

After 13 days (127 DAP), the wheat ranged in height between 8 and 15 cm tall and shadows were 

then identifiable in the image.  Between 127 and 142 DAP (15-day period), the average area 

classified as shadow remained relatively constant (Fig. 2.9b). The zero N rate plots exhibited the 

greatest range of area classified as shadow 127 (69%) and 142 DAP (64%) (Fig. 2.11). The range of 

shadowed area decreased with higher N rates 127 DAP and ranged between 45 and 58%.  The greater 

range of shadowing observed at the zero N rate was due to the low N rate’s variability in wheat 

height. This variability in height within the zero N rate treatment resulted in a wider range of 

shadowed area. Overall, the range of shadowing across N rates decreased between 5 and 25% from 

127 to 142 DAP.  However, between the 44.8 and 134.5 kg ha-1 N rates a smaller range in shadowed 

area was observed and is attributed to a more even growth response due to the addition of N. By 142 

DAP (Z45), the wheat was between 45 and 61 cm in height where the lower N rates corresponded to 

the lower wheat heights. The zero N rate plots (127 DAP) averaged 40% shadowed area (Fig. 2.11) 

while the higher N rates (44.8, 89.7, and 134.5 kg ha-1) produced a shadowed area that averaged 

between 21 and 36%. This decrease in shadow area with higher N rates although counterintuitive, is 
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explained by the vegetation within rows growing together at higher N rates.  Because the higher N 

rates resulted in greater vegetative coverage and a closed canopy, there was less area between wheat 

rows to cast a shadow.  At the lower N rates, the wheat was relatively short and the canopy was open 

between rows.  As a result, the open area between rows was clear to cast shadows.  Thus, the space in 

between the rows resulted in larger shadows early in the season. 

2.3.1.2.3 Soil 

The average area classified as soil within each plot decreased from 25% (114 DAP) to 16% 

(127 DAP) over a 13-day period. Fifteen days later, the average area identified as soil decreased 3% 

142 DAP (Z45) (Fig. 2.9c). This decrease was due to wheat growth and the resulting increase in area 

covered by vegetation. As more treatment area is occupied by vegetation, less soil is visible within 

the image.  This inverse relationship between vegetation and soil was observed from 114 DAP to 142 

DAP.  During this same period of time and considering the relationship between increasing N rate and 

area classified as soil, a trend was observed (Fig. 2.11) whereas greater N rates resulted in a decrease 

in area classified as soil. This trend was observed across all measurement dates.  However, the 

greatest difference in area covered by soil occurred between the zero N rate and the 44.8 kg ha-1 N 

rate ranging from 10 to 36% across all sampling dates.  From 127 to 142 DAP, there was slight 

decrease in area classified as soil at the higher N rates (44.8, 89.7, and 134.5 kg ha-1).  This indicates a 

closure of the canopy at all N rates except the zero N rate (Fig. 2.11).  The significant difference 

between the zero N rate and all the other rates mimics the expected relationship between N rate and 

plant growth where the greatest response to nitrogen occurs at lower N rates. 

2.3.1.3 Raleigh Corn (2016) 

Multispectral images of 22 out of 24 corn plots were classified into four classes; vegetation, 

specular reflectance (glint), shadow, and soil, across four dates with the same supervised maximum 

likelihood technique used for the wheat trial.  Two of the N-rich plots were excluded due to poor 

germination.  UAV-acquired multispectral imagery was collected at two week intervals throughout 
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the growing season at 29 (V4), 42 (V5), 51 (V7), and 63 DAP (V10).  UAN was applied twice; 0 

DAP (at-plant - April 27) and 42 DAP (June 8). The dates of multispectral imagery collection and 

UAN applications in relation to a theoretical N uptake curve are shown in the appendix (Fig. B.2). 

2.3.1.3.1 Vegetation and Glint 

The area classified as vegetation within all plots increased rapidly from 29 (21%) to 42 DAP 

(57%), but then stabilized at around 60% the remainder of the season (Fig. 2.12a).  Beginning 29 

DAP (V4), the average area classified as vegetation was 21% (Table 2.3).  Although different at-plant 

N treatments were applied to produce a range of early-season concentrations in tissue N, no 

difference in the area classified as vegetation was observed 29 DAP (V4) (Fig. 2.13). The lack of 

response between N rates was likely related to a large rainfall event (~2 cm) that occurred 

immediately after application. However, two weeks later (42 DAP; V5), there was an increase in 

vegetated area from 21 to 57% across all treatments.  The vegetated area remained constant with 

increasing N rate over the next three weeks (51 and 63 DAP). This stability in area classified as 

vegetation supports the visual observation that there were only minimal differences in vegetative 

growth with increasing N rate, despite the side-dress application applied 21 days earlier. 

Unlike in the wheat trial, the area classified as glint in corn played an important role in the 

classification of the UAV-acquired multispectral imagery.  Although originally not observed 29 DAP 

(V4), glint appeared 13 days later 42 DAP (V5) and remained identifiable the remainder of the season 

(Fig. 2.12b).  From 29 to 42 DAP, the area classified by glint increased from 0 to 19%. This 

corresponds to a 36% increase in average vegetated area over the same period and is related to the 

general increase in leaf surface area. Typically, glint increased with increasing vegetation and reached 

a peak 51 DAP (33% of the plot area). However, twelve days later (63 DAP; V10), the area identified 

as glint decreased 11%.  The decrease in glint 63 DAP was due to a combination of factors including 

corn tassels, overcast sky conditions, and an off-nadir sensor orientation.  At 63 DAP, corn tassels 
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were observed in the high N treatments and altered the reflected light observed off individual corn 

leaves.  In addition, the overcast conditions reduced the strength of the incoming solar radiation thus 

lowering the likelihood for specular reflection.  Although these factors minimized the glint in the 

imagery 63 DAP, 22% was still classified.  From 42 to 63 DAP, there were only small differences in 

glint across N rates (Fig. 2.13). 

Glint poses a new challenge when analyzing UAV-acquired imagery for nutrient 

management. As observed, there is a direct positive relationship between the area classified as 

vegetation and the potential for glint.  As the vegetated area becomes larger, the potential for glint 

increases.  Additionally, this relationship is related to a plant’s physical characteristics such as surface 

area, biomass, and leaf orientation, and even, potentially, variety.  Generally, as the vegetation grows 

so does surface area and biomass, which increases the potential for glint to occur.  Also, when the 

plant leaves are oriented so that the angle is perpendicular to the incoming sunlight, the size and 

magnitude of the area observed as glint increases. The opposite is also true, and during times of 

drought, leaf curl would alter the reflective properties of individual leaves and thus the effects of 

glint.  If the glint was not removed and instead classified as vegetation, the vegetated area would 

increase from 21% to 76% and reach a maximum 84% 51 DAP.  Although glint was identified during 

this corn trial, it did not change the increasing vegetated area over time (Fig. 2.12).  Throughout the 

corn trial, the glint was proportional to the amount of vegetation in the ‘good’ images.  By 51 DAP, 

the greatest amount of vegetated area classified as glint occurred (40%).  This is important because if 

not removed, glint would increase the calculated NDVI value. 

2.3.1.3.2 Shadow 

Throughout the growing season the area classified as shadow remained constant, varying less 

than 3% (Fig. 2.12c; Table 2.3).  It is generally observed that corn height, biomass, and resultant area 

covered by vegetation is related to N rate; however, that was not observed during this trial (Fig. 2.13).  
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Due to little variability in plant height and the related biomass and leaf area, the area classified as 

shadow across all N rates and time held constant between 2 and 11%.  During a typical N rate corn 

trial with variable corn heights, it would be expected that with variability in corn heights there would 

be more variability in shadowing.  This is explained by the fact that larger corn plants cast larger 

shadows than smaller corn plants.  Therefore, with greater variability in plant height there is a greater 

effect on the amount of area classified as shadow. 

2.3.1.3.3 Soil 

From 29 to 63 DAP, the average area classified as soil decreased 67% between all plots (Fig. 

2.12d).  At 29 DAP (V4), the amount of soil area classified was at its peak (74%) and then decreased 

56% 13 days later (Table 2.3).  This decrease is a result of corn growth between 29 and 42 DAP (V5).  

The percent area occupied by vegetation at 29 and 42 DAP was 21 and 57%, respectively.  This 

increase in vegetated area corresponded to a similar decrease in amount of soil area during the same 

time period.  This inverse relationship is consistent throughout the growing season.  Generally, it is 

expected that the soil area would decrease with increasing N rate; however, due to the low variability 

in vegetated area across all N rates, the area classified as soil did not change with increasing N rate or 

throughout the season (29 to 63 DAP). 

2.3.2 Image Classification Discussion 

Image classification will play a fundamental role in the calculation of NDVI from UAV-

acquired multispectral images.  To reduce the impact of non-vegetative reflectance like soil, shadows, 

and specular reflection (glint) on the NDVI calculation, these areas must be identified and removed 

before NDVI is calculated.  If not removed, reflectance from non-vegetative areas such as from soil 

and shadow will lower the average NDVI values within a plot or across a field.  This decrease in 

NDVI would result from averaging soil and shadowed areas with vegetated areas.  This is due to soil 

and shadow typically exhibiting lower NDVI values as compared to vegetation.  Likewise, for 
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shadowed areas, inclusion of the low reflectance areas would decrease the overall NDVI value if not 

removed by image classification.  Opposite to shadows and soil, the inclusion of glint in the NDVI 

calculation would increase the index value if not removed. Glint is observed to have nearly 100% 

reflectance in the NIR and 0% reflectance in the red, thus resulting in a NDVI value typically close to 

1.0.  As such, if glint is not removed before NDVI is calculated it would result in an overestimation of 

the vegetation index. Furthermore, early in the season when NDVI is relatively low, the effects of 

including glint would be greater.  The amount of influence is related to the proportion of area 

classified as glint versus vegetation, and the difference between an NDVI value of one (i.e. glint) and 

the average NDVI value calculated for the vegetation. For example, if 50% of the vegetation was 

classified as glint, then glint would have a greater influence on a lower vegetation NDVI value than a 

higher NDVI value.  Therefore, the presence of glint in the calculation of NDVI, if not removed by 

image classification, can overestimate the NDVI value based on the NDVI value of the vegetation. 

Nutrient application decisions are often made early in the season when plants are relatively 

small. During the wheat trial, the UAN was applied 87 DAP (February 12, 2016), which is earlier 

than the typical early N application for the Piedmont region of North Carolina (early March). At 87 

DAP, the wheat was approximately 8 cm tall (~Z22), and tillers were observed.  Although the wheat 

was too short to identify in aerial imagery, by 127 DAP the average area covered by wheat was 54% 

and nearly 15 cm tall (Table 2.2). This means that nearly two months before 127 DAP, the wheat 

would have covered less than 54% of the plot area. In comparison, UAN was applied to corn 42 DAP 

(June 8, 2016; V5).  By 29 DAP (~V4-V5), the corn was 15 to 20 cm tall and the average area 

classified as corn was 21% (Table 2.3).  Therefore, the area classified as soil or shadow (~79%) 

covered more than that of the vegetated area (21%) at the time when a N decision is typically made.  

Without the benefit of high-resolution (< 5 cm) images to help separate the vegetation from non-

vegetated areas, there would be an integration of surface reflectance that represented both the 
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vegetated and non-vegetated areas. For example, if NDVI was calculated for the zero N rate area (29 

DAP) then 30% of the NDVI values would be vegetation and 70% would be non-vegetated areas over 

the entire plot.  At the time of UAN application, the corn had less vegetation coverage than the wheat. 

However, with the use of UAV-acquired imagery and image classification, there is equal potential for 

UAVs to aid in measuring nutrients regardless of the crop-type and their related vegetative coverage. 

The area classified and identified as vegetation in the multispectral imagery is related to 

biomass and leaf area.  As a plant grows, its biomass and leaf area increase, thus filling more of the 

image with vegetation.  Additionally, with increasing N, a plant increases in biomass and leaf area as 

well.  This is illustrated in Figure 2.11 (127 and 142 DAP) where the zero N rate had less than 25% of 

the plot covered by wheat and the 135 kg N rate had greater than 75%. Corn is not expected to have 

the same vegetative growth or N response as wheat, but the average area of corn vegetation did 

increase between 29 (21%) and 42 DAP (57%) before reaching a plateau 51 DAP (51%).  In general, 

measuring plant biomass allows for a conversion between percent tissue N and total N within a plant 

or crop. Using the area classified as vegetation as a surrogate for biomass and NDVI as a measure of 

leaf tissue N, a total amount of N within the crop can be roughly estimated.  A grower could use this 

information as a way to estimate nutrient removal. 

2.3.4 Considerations in UAV Image Acquisition and Image Classification 

Although UAVs are uniquely able to capture data at various times throughout the day or 

growing season, there are challenges depending on the time-of-day or day-of-season that the imagery 

is acquired.  As a crop grows, shadows can become an issue when calculating NDVI.  The size and 

area covered by shadows observed on an aerial image are effected by factors such as the angle of the 

sun, time of year, the height of the vegetation, and the position of the sensor relative to the sun’s 

location. If not removed, shadows will decrease NDVI. Although no shadows from wheat were 

observed 114 DAP (Z30) due to poor image quality, the average area classified as shadow increased 
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31% in 13 days (Table 2.2).  If the shadows were not removed through a pre-processing technique 

such as image classification, the average NDVI values for each plot would decrease due to their 

inclusion.  These lower NDVI values would likely indicate a greater need for N and result in over-

application.  In the corn trial, shadows appeared approximately a month after planting and was 

present at all sampling dates (Table 2.3). At that stage (V4) the average area classified as shadow was 

5%, which was observed before the side-dress application on June 8, 2016 (42 DAP; V5). Although 

5% is small in comparison to wheat’s 31% at the time of application, the removal of shadows would 

still pose critical in calculating accurate vegetative NDVI values.  Shadows typically have an NDVI 

value of 0.0 or -1.0, and when included in the NDVI calculation, the NDVI value decreases.  When 

compared to glint, shadows pose a greater influence on NDVI earlier in the season before canopy 

closes and covers the ground. After the N application that took place at the second sampling date for 

both wheat and corn, the shadows stayed constant (30% and 5%, respectively).  In this study, the area 

covered by shadows was greater during the wheat growing season than the corn; however, in both 

crops shadows were easily observed in the imagery when a N decision would typically be made. 

The presence of specular reflection is an additional challenge when calculating NDVI for the 

vegetative areas.  Specular reflection (glint) was identified and removed from the multispectral 

images taken during the corn trial, but not identified in the wheat trial.  The size and orientation of the 

corn leaves are factors that are related to the potential to reflect sunlight.  In contrast, a wheat plant’s 

smaller leaf and upright orientation lessens the area and likelihood for specular reflection.  These 

plant characteristics explain why glint was not identified during the wheat trial.  The amount of glint 

that occurs is also effected by the position of the sun relative to the sensor and changes based on the 

time of day.  When the sun is positioned high in the sky and the sensor is oriented nadir to the crop 

canopy, glint will occur in the middle of the corn row and the center of the leaves.  When the sensor 
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was ‘off-nadir’, glint was located along the sides of the corn plants and on the center of the leaves. 

During overcast conditions, it was observed that the overall area of glint on the crop canopy lessened. 

When glint is observed in an image, manually classifying the glint from non-glint (i.e. 

vegetation) areas is difficult.  Deciding which pixels are glint versus those with high vegetative 

reflectance is done by looking at the red and NIR digital reflectance of a highly reflective area.  

Typically, glint has an NDVI value of around 1.0.  In comparison, vegetation has NDVI values that 

range between 0.3 and just less than 1.0, as observed during our trials.  Because both vegetation and 

glint can have overlapping values, deciding on what is glint presents a challenge.  One way to identify 

which pixels are vegetation and which are glint is to look at the red and NIR reflectance values.  

Normally, glint has digital reflectance values of 0 (0% reflectance) and 255 (100% reflectance) for 

red and NIR, respectively.  In contrast, vegetation typically has red reflectance values slightly greater 

than zero and NIR reflectance values less than 255.  Although this difference can help separate the 

vegetation from glint, it is still up to the analyst to make a judgement call. 

In order for an image classification to produce an accurate separation of classes, the image 

must contain pixels that accurately represent the underlying reflectance values at that location.  Clear, 

non-blurred images are critical in image classification. Image clarity reduces the blending of pixels 

between classes. Poor images that ‘smear’ or combine areas of different reflectance are difficult to 

separate and can falsely increase or decrease the area and reflectance values represented by a certain 

class.  For example, the multispectral image taken in Raleigh, NC for the 114 DAP wheat (Z30) trial 

had image blur (Fig. 2.10). Image blur is typically caused by poor aircraft stability or use of a sensor 

with a rolling shutter. At 114 DAP, poor aircraft stability and in combination with the rolling shutter 

resulted in image blur.  As a consequence, the vegetated area within the plots was overestimated by 

approximately 30%.  The pixels were smeared and blended together resulting in an increase in the 

area classified as vegetation and a decrease in NDVI. This is attributed to the low NDVI values of soil 
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lowering the reflectance in those ‘smeared’ areas.  In order to lessen the effects caused by image blur, 

gimbals and vibration dampeners are recommended. 

2.3.5 Correlation Analysis Between NDVI and Plant Tissue N 

The relationships between sensor-derived normalized difference vegetation index (NDVI) 

and plant tissue N (percent N) were calculated for both crops and both years.  The sensors tested in 

this analysis included the Trimble GreenSeeker, an Ocean Optics field spectrometer, and a Tetracam 

ADC Micro (multispectral sensor) mounted to a UAV. 

2.3.5.1 Plymouth wheat (2014-2015) 

The relationship between NDVI and plant tissue N (percent N) across the 2014-2015 winter 

wheat growing season at Plymouth, NC are presented in Figure 2.14.  At first sampling 149 DAP 

(Z30), measurements were collected from 12 plots with tissue N ranging from 1.1 to 2.4%, and 

between all sensors NDVI ranging from 0.39 to 0.93.  A positive and significant linear relationship 

was observed between NDVI and tissue N among all sensors tested (Fig. 2.14a, Table 2.4). This 

relationship remained consistent between all sensors with slopes ranging between 0.14 (multispectral 

imagery) and 0.17 (spectrometer), but the calculated NDVI value varied based on the sensor used. On 

average, the spectrometer-measured NDVI values were 10% higher than the UAV-derived NDVI 

values, and the UAV-derived NDVI values were 29% greater than the GreenSeeker NDVI values.  

Correlation analysis indicated that NDVI values calculated from the UAV-acquired imagery 

accounted for approximately 80% of the variability in leaf-tissue N. In comparison, the GreenSeeker 

and spectrometer measurements accounted for approximately 50% of variability in leaf-tissue N. 

Twenty-two days later (171 DAP; Z51), six plots had measurements collected and tissue 

sampled (Fig. 2.14b).  Six plots were not sampled due to time constraints. The tissue N ranged from 

1.5 to 2.9% and the NDVI values ranged from 0.66 to 0.92 at this second sampling (171 DAP).  

Positive and significant linear relationships between NDVI and tissue N were observed for the 
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GreenSeeker and spectrometer (Fig. 2.14b; Table 2.4). The slope of the GreenSeeker’s linear model 

(0.12) was nearly double that of the spectrometer (0.07).  The relationship between the UAV-derived 

NDVI and tissue N was insignificant (R2 = 0.02).  This lack of relationship is explained by poor 

image quality and blur present in the images collected. Even though the relationship was linear and 

positive for the GreenSeeker and spectrometer, the output of the NDVI value differed based on the 

sensor.  The spectrometer-measured NDVI values averaged 16% greater than the GreenSeeker NDVI 

values.  Correlation analysis 171 DAP indicated that the GreenSeeker and spectrometer 

measurements accounted for 97 and 83% of the variability in leaf-tissue N, respectively. 

A week later (178 DAP; Z61), samples and tissue samples were collected from all plots (Fig. 

2.14c). The UAV-acquired multispectral imagery was not collected due to high winds and safety 

concerns (> 9 ms-1). At this last sampling of the trial, tissue N range from 2.4 to 4.4% and the NDVI 

values ranged from 0.63 to 0.93. Positive and significant linear relationships between NDVI and 

tissue N for the GreenSeeker and spectrometer were observed (Fig. 2.14c; Table 2.4). The slopes of 

the linear models for the GreenSeeker and the spectrometer were 0.09 and 0.02, respectively.  The 

calculated NDVI values from the GreenSeeker and spectrometer were different even though the 

relationships were linear.  On average, the spectrometer-measured NDVI values were approximately 

18% higher than the GreenSeeker NDVI values.  Correlation analysis showed that around 78% of the 

variability in leaf-tissue N was accounted by the GreenSeeker or spectrometer NDVI measurement 

(Table 2.4). 

Although significant linear relationships were observed at different times throughout the 

growing season, temporal changes in slope and NDVI range occurred between sensors tested. In 

general, from 149 to 178 DAP, the slopes of the linear models decreased for all sensors with 

significant correlations.  The slope of the GreenSeeker’s linear model decreased 33% from 0.16 to 

0.12 and the spectrometer’s slope declined from 0.17 to 0.07 (75%). Between 171 and 178 DAP, the 
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slopes of the linear models decreased for the GreenSeeker by 33% and the spectrometer from 0.07 to 

0.02.  This overall decrease in slope corresponded to an average 50% increase in average tissue N.  

Over a 1% range in tissue N, the NDVI values of the GreenSeeker and spectrometer increased by 0.2 

and 0.02, respectively.  Therefore, as tissue N becomes larger, the ability to resolve NDVI values that 

are greater than 0.8 is more difficult.  Since the upper limit of the index is 1.0, the measured values of 

NDVI became less variable regardless of differences in tissue N.  From 171 to 178 DAP, the low 

variability in NDVI was observed for the spectrometer where the values of NDVI increased less than 

0.06 units of NDVI at tissue N values greater than 2.5%. In general, the spectrometer produced higher 

NDVI values than the UAV and the UAV produced higher NDVI values than the GreenSeeker (Fig. 

2.14). 

2.3.5.2 Raleigh Wheat (2015-2016) 

Relationships between NDVI from each sensor and plant tissue N for wheat across three 

measurement dates at Raleigh are presented in Figure 2.15.  At 114 DAP (Z30), the tissue N ranged 

from 2.4 to 5.5% and NDVI ranged from 0.42 to 0.92 between all sensors. A positive and significant 

linear relationship between NDVI and tissue N was observed with every sensor (Fig. 2.15a; Table 

2.5). This relationship was consistent between all sensors with slopes ranging from 0.03 

(spectrometer) to 0.05 (UAV-acquired multispectral imagery). Even though the relationship between 

NDVI and tissue N remained similar, the output of calculated NDVI values differed among the 

sensors.  On average, the NDVI values calculated from UAV-acquired multispectral imagery were 

30% greater than the spectrometer NDVI values, and the UAV-derived NDVI values were 23% 

greater than the GreenSeeker NDVI values.  Correlation analysis indicated that NDVI values 

calculated from the UAV-acquired imagery accounted for approximately 35% of the variability in 

leaf-tissue N.  The GreenSeeker and spectrometer measurements accounted for 27 and 19% of the 

variability in leaf-tissue N as compared to the UAV-derived NDVI, respectively (Table 2.5). 
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Moving to 127 DAP (Z37), positive and linear relationships between NDVI and tissue N 

were again observed for each sensor (Fig. 2.15b; Table 2.5).  Tissue N ranged from 2.1 to 4.3% and 

the NDVI ranged from 0.40 to 0.92.  The relationship was similar between the GreenSeeker and 

UAV-acquired imagery where the slopes ranged from 0.08 (UAV-acquired imagery) to 0.12 

(GreenSeeker).  The output of the calculated NDVI value was different based on the sensor used 

despite similar linear relationships. On average, the UAV-derived NDVI was 27% higher than the 

spectrometer-measured NDVI and 36% higher than the GreenSeeker NDVI.  Correlation analysis 

indicates that the GreenSeeker and UAV-derived NDVI accounted for 53% and 41% of the variability 

in tissue N, respectively (Table 2.5).  The correlation between the spectrometer measured NDVI and 

tissue N was insignificant (9%) due to partly cloudy sky conditions.  The GreenSeeker was unaffected 

by these cloudy conditions due to its modulated light and the UAV imagery was collected before the 

presence of cloud cover. 

At 142 DAP (Z45), positive and significant linear relationships between NDVI and tissue N 

were observed for every sensor tested (Fig. 2.15c; Table 2.5).  Tissue N ranged from 1.6 to 4.4% and 

the NDVI values ranged from 0.36 to 0.92.  Slopes for the linear relationships ranged from 0.06 

(spectrometer) to 0.13 (GreenSeeker). Although the relationship was the same among all sensors, the 

output of measured NDVI again varied from sensor to sensor.  On average, the spectrometer NDVI 

values were 9% higher than the NDVI values from UAV-acquired multispectral imagery and the 

spectrometer NDVI values were 32% higher than the NDVI values measured by the GreenSeeker. 

Correlation analysis indicated that NDVI values from the spectrometer and UAV-acquired imagery 

accounted for around 65% of the variability in leaf-tissue N. In comparison, the GreenSeeker NDVI 

values accounted for 80% of the variability in leaf-tissue N. 

Although relationships were observed between NDVI and tissue N for each sensor tested, the 

strength and significance of the relationships changed across dates.  Overall, the slopes of the linear 



68 

 

models increased between dates for each sensor tested.  Between 114 and 127 DAP, the slope of the 

GreenSeeker’s linear model increased from 0.03 to 0.12 while the slope of the UAV’s linear model 

increased from 0.05 to 0.08 (Table 2.5).  This would mean that a 1% increase in tissue N would 

change the NDVI value by about 0.1 for the GreenSeeker and no change for the UAV-sensor.  

Between the first and second sampling, the average tissue N values decreased 20%.  The increase in 

slope for the linear models was due to the decrease in tissue N and the small change in average NDVI 

for the GreenSeeker and UAV-acquired imagery. From 127 to 142 DAP, the slope of the 

GreenSeeker’s linear model increased to 0.13.  In comparison, the slopes of the spectrometer and 

UAV linear models increased from 0.03 to 0.06 and 0.08 to 0.12, respectively. Despite the constant 

tissue N values from 127 and 142 DAP, the slopes of the linear models for each sensor increased due 

to the change in average NDVI values. The GreenSeeker and spectrometer NDVI values increased 8 

and 33%, respectively.  The UAV-derived NDVI decreased 4%.  In general, the GreenSeeker had the 

lowest output of NDVI values in comparison to the spectrometer and UAV-acquired imagery.  The 

UAV-acquired imagery had the highest output of NDVI values from 114 to 127 DAP then the 

spectrometer had the highest output of NDVI values 142 DAP. 

2.3.5.3 Comparison Between Plymouth and Raleigh Winter Wheat Trials 

The wheat trials at Plymouth and Raleigh provide an opportunity to compare measured NDVI 

values from the GreenSeeker, spectrometer, and UAV in predicting tissue N at two different sites and 

in two different growing seasons. Even though the wheat trials were conducted using a similar 

methodology, the comparison between the two trials indicated variable results.  The spectrometer had 

consistently higher average NDVI values (0.62 to 0.93 – 149 DAP; 0.82 to 0.92 – 171 DAP; 0.87 to 

0.93 – 178 DAP) in the Plymouth trial (Fig. 2.14). In comparison, throughout the Raleigh trial, the 

UAV-acquired imagery had the highest average NDVI values (0.60 to 0.92 – 114 DAP; 0.66 to 0.92 – 

127 DAP) from 114 to 127 DAP (Fig. 2.15).  The GreenSeeker consistently had the lowest NDVI 

values across both wheat trials.  In addition, the GreenSeeker provided significant relationships 
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between NDVI and tissue N throughout the wheat trials for Plymouth and Raleigh (Tables 2.4 and 

2.5). 

The relationship between NDVI and tissue N varied based on both sensor and date measured 

across the wheat trials.  Throughout the Plymouth trial, the slopes of the linear models for each sensor 

decreased over time (Table 2.4) while the slopes increased over time during the Raleigh trial (Table 

2.5). These different trends in slope for each trial are related to the wheat’s normal growth rate. 

During the Raleigh trial, the sampling dates occurred earlier in the wheat’s growth from Z30 

(jointing; 114 DAP) to Z45 (booting; 142 DAP) than the Plymouth trial from Z30 (jointing; 149 

DAP) to Z61 (flowering; 178 DAP).  Therefore, the canopy of the wheat during the Raleigh trial was 

not closed by 142 DAP, but during the Plymouth trial the wheat’s canopy was closed 178 DAP.  This 

indicates that as the vegetated area increases, so does the slope.  However, once the canopy closes 

(e.g. 178 DAP for the Plymouth trial) the slopes decrease due to the sensor’s difficulty in resolving 

NDVI values greater than 0.8. 

The range of tissue N varied between the two sites. For example, 142 DAP (Raleigh) and 149 

DAP (Plymouth) are two sampling dates that had the wheat at a similar growth stage (~Z30).  The 

range of tissue N for Raleigh was from 1.6 to 4.4% and for Plymouth the tissue N ranged between 1.1 

and 2.4%. Although the range of tissue N varied between the two trials, only the range of UAV-

derived NDVI was different.  From the Raleigh trial the NDVI ranged from 0.54 to 0.92 and for the 

Plymouth trial the NDVI ranged between 0.66 and 0.86.  Even though the GreenSeeker and 

spectrometer had similar NDVI ranges during both sampling dates, the slopes of their linear models 

were different.  In general, a steeper slope is expected for a range of lower tissue N values than higher 

tissue N values.  This relates to the ability of a sensor to better resolve NDVI at lower tissue N values 

and the inherent limits of a vegetative index with normalized values that range between -1.0 and 1.0.  
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As a result, steeper slopes were observed for every sensor tested at Plymouth and gentler slopes were 

observed at Raleigh. 

2.3.5.4 Plymouth Corn (2015) 

Relationships between NDVI from every sensor and plant tissue N for corn at Plymouth are 

presented in Figure 2.16.  At 31 DAP (V5) tissue N ranged from 1.7 to 3.4% and NDVI from 0.24 to 

0.66 across both GreenSeeker and spectrometer measurements. Multispectral imagery was not 

collected on this date due to weather and UAV issues. No significant relationships were observed 

between NDVI measured from the GreenSeeker or spectrometer and tissue N (Fig. 2.16a; Table 2.6).  

On average, the GreenSeeker-measured NDVI values were 47% higher than the spectrometer-

measured NDVI values for a plant with a similar tissue N. Correlation analysis indicated that NDVI 

values measured by the GreenSeeker and spectrometer did not account for any variability in leaf-

tissue N (Table 2.6). 

At 42 DAP (V7), a positive and significant linear relationship was observed between NDVI 

and tissue N for the GreenSeeker (Fig. 2.16b, Table 2.6).  Tissue N ranged from 1.4 to 2.8% and 

GreenSeeker NDVI from 0.39 to 0.81. Correlation analysis indicated that NDVI values measured by 

the GreenSeeker accounted for 64% of the variability in leaf-tissue N (Table 2.6). In comparison, 

there was no relationship between UAV-derived NDVI and tissue N due to image blur.  Spectrometer 

data were not collected due to cloudy sky conditions. 

At 62 DAP (last sampling date) tissue N ranged from 1.4 to 2.8% and NDVI from the 

GreenSeeker and UAV-acquired imagery ranged from 0.51 to 0.98 (Fig 2.16c; Table 2.6). A positive 

and significant linear relationship was observed between GreenSeeker NDVI and tissue N.  The 

UAV-derived NDVI had no relationship to tissue N.  Correlation analysis indicated that NVDI values 

calculated from the GreenSeeker accounted for approximately 80% of the variability in leaf-tissue N 

(Table 2.6).  The UAV-acquired imagery had a weaker correlation due to image blur.  On average, the 
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UAV-derived NDVI values were around 0.84 due to the presence of glint in the image.  The image 

blur blended the vegetative areas with the glint areas, which increased the NDVI values calculated for 

the UAV-acquired imagery. 

During the 2015 Plymouth corn trial, there were linear and significant relationships observed 

between GreenSeeker NDVI and tissue N from 42 to 62 DAP.  However, changes occurred in slope, 

tissue N, and NDVI for the GreenSeeker over time.  Starting from 42 to 62 DAP, the slope of the 

linear relationship between NDVI and tissue N decreased for the GreenSeeker from 0.25 to 0.17 

(Table 2.6). The decrease in slope was due to the 6% increase in average tissue N values and a 7% 

increase in average GreenSeeker NDVI.  Although the average NDVI measured by the GreenSeeker 

increased, the GreenSeeker was unable to resolve differences in NDVI with tissue N values greater 

than 2%.  On average, the GreenSeeker had the highest NDVI values between 31 and 42 DAP then 

the UAV-acquired imagery had the highest NDVI values 62 DAP. 

2.3.5.5 Raleigh Corn (2016) 

Relationships between NDVI and leaf-tissue N during the 2016 Raleigh corn trial for all 

tested sensors are presented in Figure 2.17.  At 29 DAP (V3), tissue N ranged from 3.6 to 4.8% and 

NDVI from 0.28 to 0.72 across all sensors.  No significant relationships between NDVI and tissue N 

were observed for any of the sensors (Fig. 2.17a; Table 2.7).  There were, however, differences in the 

NDVI values measured by the sensors.  On average, the UAV-derived NDVI was approximately 50% 

higher than the GreenSeeker NDVI values, however the GreenSeeker and spectrometer produced 

statistically similar NDVI values. 

At 42 DAP and between the sensors tested, tissue N ranged from 3.2 to 4.7% and NDVI from 

0.82 to 0.99.  At 42 DAP (V5), significant, but negative linear relationships between NDVI and tissue 

N were observed with all sensors (Fig. 2.17b; Table 2.7).  However, these relationships were 

dismissed due to no reasonable physical interpretation. 
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Nine days later (51 DAP; V7), no relationship between NDVI and tissue N was observed for 

either the GreenSeeker or UAV-acquired imagery (Fig. 2.17c; Table 2.7).  Tissue N ranged from 2.4 

to 3.9% and NDVI from 0.77 to 0.99 considering both UAV-based and GreenSeeker estimates. 

Spectrometer data were not collected due to inability to raise the instrument over the corn canopy 

(~1.7 m tall) at this stage.  The NDVI calculated from UAV-acquired imagery was approximately 

20% higher than the GreenSeeker NDVI, and this NDVI output remained consistent between the two 

sensors.  Correlation analysis indicated that there was no correlation between the measured NDVI 

tissue N for either the GreenSeeker or UAV-acquired imagery. 

At the last sampling (63 DAP; V10), no relationship was observed between NDVI and tissue 

N for the GreenSeeker and UAV-acquired imagery (Fig. 2.17d; Table 2.7). Spectrometer data were 

again not collected due to crop height (~2 m tall). Tissue N ranged from 2.2 to 3.2% and NDVI from 

0.68 to 0.99 across both sensors.  Even though there was no relationship observed between tissue N 

and NDVI from either sensor, the calculated NDVI value varied based on the sensor.  On average, the 

UAV-derived NDVI was 26% higher than the NDVI measured by the GreenSeeker. 

The 2016 Raleigh corn trial had significant linear relationships between NDVI measured by 

the sensors tested and tissue N 42 DAP.  Although the relationships were significant, the slopes for all 

the linear models were negative and between -0.03 (spectrometer) and -0.01 (UAV-acquired 

imagery). Again, negative slopes were not considered due to lack of reasonable physical 

interpretation. By 42 DAP, the canopy closed and there were no differences in plant height observed 

with increasing N rate.  Thus, at tissue N values greater than 3%, the sensors tested were no longer 

able to resolve differences in NDVI. Although the measured NDVI did not vary with a range of tissue 

N values throughout the trial, the UAV-derived NDVI was consistently greater than the GreenSeeker 

and spectrometer across all dates. For the rest of the corn trial (51 and 63 DAP) there were no 

relationships between sensor-measured NDVI and tissue N. 
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2.3.5.6 Sensor Comparison Between Plymouth and Raleigh Corn Trials 

A direct comparison between the correlations analyses from the Plymouth and Raleigh corn 

trials was not provided because there was a lack of significance during the Raleigh trial.  The slopes 

of the significant linear relationships observed at the Plymouth and Raleigh corn trials exhibited no 

consistent trend over time or within a particular date (Tables 2.6 and 2.7).  At 42 DAP, the 

GreenSeeker had steeper slopes at lower tissue N values (between 1.5 and 3.0%) during the Plymouth 

trial than at the Raleigh trial (between 3.2 and 4.7%).  Due to the lower tissue N values observed in 

Plymouth, the GreenSeeker better resolved differences in NDVI across a range of tissue N.  This was 

not the case during the Raleigh trial where the tissue N values ranged between 3 and 5% and 

GreenSeeker remained constant at a NDVI value of 0.84. The spectrometer and UAV-acquired 

imagery were also unable to resolve differences in NDVI 42 DAP during the Raleigh trial.  Overall, 

the Raleigh trial 42 DAP resulted in weak correlations with negative slopes for all sensors tested.  

Although the Raleigh trial did not provide any significant relationships 42 DAP between all sensors, 

the Plymouth trial did show a significant relationship between GreenSeeker NDVI and tissue N 62 

DAP. The slope decreased from 0.25 to 0.17, but resulted in a stronger correlation from 42 (R2 = 

0.64) to 62 DAP (R2 = 0.77). 

2.3.6 Sensor Comparison Using Correlation Analysis 

Each sensor tested in this study was used to measure the change of NDVI with varying plant-

tissue N.  Although each sensor measured the same sampled plot, the absolute NDVI values over a 

range of tissue N between each sensor differed.  The observed intercept and slope of each linear 

regression can be an indicator of sensor sensitivity. During the wheat trials, the relationships between 

sensor NDVI and tissue N exhibited offsets from each other.  Throughout the wheat trials and for a 

similar tissue N, the GreenSeeker consistently output the lowest NDVI values as compared to the 

spectrometer and UAV-sensor.  Due to lower intercepts and steeper slopes, the GreenSeeker was able 
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to resolve differences for a wider range of tissue N as compared to the spectrometer and UAV-sensor 

for wheat.  From 114 to 127 DAP (Raleigh wheat), the UAV-sensor’s regression was offset above the 

spectrometer by around 0.1 due to higher intercepts and steeper slopes for a given tissue range.  For 

the Plymouth corn trial, the GreenSeeker was able to resolve differences in tissue N at values less 

than 3% with a lower intercept and steeper slope as compared to the passive sensors.  In general, the 

GreenSeeker was able to resolve differences for a wider range of tissue N as compared to the 

spectrometer and UAV-sensor for wheat and corn. This could be due to the different red and NIR 

wavelengths that the sensors are either internally programmed to use (GreenSeeker and UAS-sensor) 

or were chosen (spectrometer) (see appendix; Table B.3). 

The variability about the slope between NDVI and tissue N is an important measure of sensor 

capability.  When the slope of the relationship is steep, the sensor is better able to resolve differences 

in tissue N over a range of NDVI.  For example, during the Plymouth wheat trial, the GreenSeeker 

and spectrometer had significant, yet different linear relationships with slopes modeled at 0.10 and 

0.02, respectively (Table 2.8). Comparatively, the small range of NDVI measured by the spectrometer 

resulted in a 5-fold lower slope than that of the GreenSeeker.  Another example occurred during the 

Raleigh wheat trial when the GreenSeeker (0.13 ±0.03) and spectrometer (0.06 ±0.02) had 

significantly different slopes 142 DAP.  Again, the lower slope was a result of a smaller range of 

NDVI measured by the spectrometer.  The increasing slopes of each sensor during the Raleigh wheat 

trial and the decreasing slopes of each sensor during the Plymouth wheat trial indicate tissue N with 

respect to time is an important variable for NDVI measurements within a growing season. Between 

stem elongation (Z30) and booting (Z45) during the Raleigh wheat trial, the slopes of the linear 

models increased.  In particular, the GreenSeeker had the most significant slope change from 114 to 

127 DAP. After the booting stage in Plymouth, however, the modeled slopes for the GreenSeeker and 

spectrometer decreased as tissue N values were greater than 2%.  Similar results were found by 
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Sembiring et al. (1998), Raun et al. (2002), and Mullen et al. (2003), where reliable predictions of 

wheat N uptake using spectrometer and GreenSeeker NDVI occurred between Zadok 30 and 37. 

Using GreenSeeker to assess corn tissue N status between V8 and R1 (silking) has shown to be 

problematic because of the strong relationship between canopy cover and the sensitivity of red 

absorbance to tissue N (Gitelson et al., 1996). Also, corn tassels begin to form near V12 that affect 

the NDVI value due to the difference in spectral reflectance compared to the leaf tissue.  Despite 

previous research (Gitelson et al., 1996), the GreenSeeker was able to resolve tissue N differences at 

V12 during the Plymouth corn trial, but failed to detect differences in NDVI over a range of relatively 

high tissue N during the Raleigh trial.  Therefore, these results indicate that collecting NDVI 

measurements with the highest possible sensor sensitivity at sampling dates with lower tissue N 

values is important in predicting plant tissue N in wheat and corn.  Although NDVI values can 

indicate plant N stress, there are other stressors that can affect the plant reflectance such as water and 

nutrient deficiency and disease.  With the known limitations found in NDVI and other plant stressors 

that can influence the index value, calibration of the index is challenging since NDVI cannot provide 

a diagnosis of the plant’s stress. 

2.3.7 Within-Season Red and Near Infrared Reflectance From UAV-Acquired Imagery 

During the growing season, NDVI values increased as plant tissue N increased. This is due to 

the combined increase in red absorbance and increase in NIR reflectance as a plant matures and 

develops. In general, as biomass increases, more red energy is absorbed and NIR is reflected.  During 

the corn trials, the red reflectance exhibited the greatest difference over sampling dates. In Raleigh, 

for example, there was a 93% decrease in red reflectance while only a 15% increase in NIR 

reflectance occurred between 29 and 42 DAP.  This change resulted in a 50% increase in average 

NDVI from 0.65 to 0.97.  During the remainder of the Raleigh corn trial, the average red reflectance 

decreased 58% and the average NIR reflectance decreased 6%. Overall, the small change in NIR 
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reflectance had little impact on the calculated NDVI value.  However, the large changes in red 

reflectance over time drove the NDVI values throughout the corn trial.  Correlation analysis indicated 

that the red reflectance values accounted for 27% of the variability in leaf-tissue N and the NIR 

reflectance accounted for 6% 42 DAP (Raleigh trial). Between both corn trials, the amount of red 

reflectance decreased an average 50% between sampling dates.  In comparison, the average amount 

of NIR reflectance decreased less than 20%.  Therefore, the UAV-derived NDVI was primarily 

controlled by the amount of red reflectance observed from the corn canopy throughout the growing 

season and highly related to the sensor used to measure the reflectance. 

2.4 Conclusions 

Image classification played an unexpected yet significant role throughout this project.  Due to 

the high resolution of UAV-acquired imagery, non-vegetative areas such as shadows and glint were 

an unforeseen challenge requiring removal before the calculation of NDVI.  Areas classified as soil or 

shadow occurred in both wheat and corn, however, soil provided the greatest challenge early in the 

season while shadows became more of a concern mid-to-late season as the crop occupied more of the 

trial area.  Glint was observed only in the corn trials and was found to occupy more vegetated area 

later in the growing season as leaf area increased.  Consequently, the removal of non-vegetative areas 

is a season-long issue that will require processing and removal before NDVI is calculated and used to 

help guide N recommendations. This is especially relevant when NDVI is to act independently of an 

N-rich strip and instead be used with previously established tissue-NDVI relationships. 

Between all trials, the sensors tested measured tissue N better in wheat than in corn.  This is 

likely due to the homogeneity of the vegetation surface of wheat compared to corn. In general, the 

physical differences between such characteristics such as leaf area, shape, and plant size played a role 

in the measurement of tissue N.  During the wheat trials, the GreenSeeker was able to detect 

differences in tissue N from stages Z30 to Z61.  Although the spectrometer and UAV-mounted sensor 



77 

 

provided inconsistent measurements of tissue N in both trials, they performed better when tissue N 

values were less than 2% in wheat and before the booting stage.  In corn, none of the sensors reliably 

predicted tissue N via NDVI.  Overall, the GreenSeeker was able to consistently detect tissue N 

differences in wheat while in corn the GreenSeeker was more responsive to changes in tissue N than 

the spectrometer and UAV-based imagery, although never at a statistically significant level.  This is 

likely related to the active nature of the GreenSeeker sensor, which is less influenced by outside 

sunlight as compared to passive sensors (spectrometer and multispectral sensor), and the use of 

narrow bands in the measurement of red and near-infrared energy.  Additionally, the wavelengths 

used by GreenSeeker to measure red and NIR reflectance are selected for N specific applications, 

whereas the multispectral sensor and field-spectrometer are designed for more general use.  In 

comparison to GreenSeeker, the UAV-mounted multispectral sensor was able to predict tissue N 

equally well throughout the Raleigh wheat trial.  Between all sensors tested and for all measured 

ranges of tissue N, GreenSeeker consistently output the lowest NDVI values. Although the UAV-

mounted multispectral sensor was not as capable of predicting tissue N as the GreenSeeker, it did 

perform better than the field-based spectrometer throughout the Raleigh wheat trial. 

Overall, the GreenSeeker performed well across dates and ranges of tissue N in wheat, and in 

later growth stages for corn. In comparison, the UAV-acquired imagery best predicted tissue N in 

wheat when tissue N concentrations were below 2% and poorly predicted tissue N in corn regardless 

of date or tissue N concentration. 
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Table 2.1 Measurement dates for the 2014-2016 nitrogen rate trials. 

  ––– Plymouth wheat ––– –––– Raleigh wheat –––– –––– Plymouth corn –––– ––––––––– Raleigh corn ––––––––– 

 –––––––––––––––––––––––––––––––––––––––––––– Growth stage –––––––––––––––––––––––––––––––––––––––––––– 
 Z30 Z51 Z61 Z30 Z37 Z45 V5 V7 V12 V3 V5 V7 V10 

Measurements –––––––––––––––––––––––––––––––––––––––––– Days after planting –––––––––––––––––––––––––––––––––––––––––– 

GreenSeeker 149 171 178 114 127 142 31 42 62 29 42 51 63 

Spectrometer 149 171 178 114 127 142 31 - - 29 42 - - 

UAV-acquired imagery 149 171 - 114 127 142 - 42 62 29 42 51 63 

Tissue N samples 149 171 178 114 127 142 31 42 62 29 42 51 63 
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Table 2.2 Raleigh, NC 2015-2016 winter wheat (n = 24 plots) mean, minimum, maximum, and standard deviation for each 
class identified as vegetation, soil, or shadow via a supervised maximum likelihood image classification. 

  114 DAP (March 11)*  127 DAP (March 24)  142 DAP (April 8) 

Class Mean Min Max SD  Mean Min Max SD  Mean Min Max SD 

 –––––––––––––––––––––––––––––––– % Area –––––––––––––––––––––––––––––––––– 

Vegetation 75 52 92 13  54 10 94 24  55 6 85 26 

Soil 25 8 48 13  16 1 59 17  13 0 61 19 

Shadow 0 0 0 0  30 0 69 21  32 4 68 16 

*image blur occurred 114 DAP. 
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Table 2.3 Raleigh, NC 2016 corn (n = 36 plots) mean, minimum, maximum, and standard deviation for each class identified as vegetation, glint, soil, or shadow via a 
supervised maximum likelihood image classification. 

  29 DAP (May 26)  42 DAP (June 8)  51 DAP (June 17)  63 DAP (June 29) 

Class Mean Min Max SD  Mean Min Max SD  Mean Min Max SD  Mean Min Max SD 

 ––––––––––––––––––––––––––––––––––––––––––––––– % Area ––––––––––––––––––––––––––––––––––––––––––––– 

Vegetation 21 11 39 25  57 44 76 8  51 41 68 9  67 57 76 6 

Glint 0 0 0 0  19 11 27 4  33 22 49 7  22 12 30 5 

Soil 74 55 85 72  18 8 31 6  13 5 25 5  7 3 12 2 

Shadow 5 3 10 4  6 2 13 3  3 1 8 2  4 0 12 3 
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Table 2.4 Plymouth, NC 2014-2015 winter wheat sensor regression analysis. 

Sensor Statistic 
 Days after plant 

 149 171* 178 

GreenSeeker slope  0.16 0.12 0.09 

intercept  0.32 0.48 0.44 

R2  0.52 0.97 0.77 

p-value  0.008 < 0.001 < 0.001 

Spectrometer slope  0.17 0.07 0.02 

intercept  0.56 0.73 0.83 

R2  0.51 0.83 0.79 

p-value  0.009 0.012 < 0.001 

Unmanned Aircraft 

Vehicle Multispectral 
Imagery 

slope  0.14 -0.02 -- 

intercept  0.53 0.8 -- 

R2  0.84 0.02 -- 

p-value  < 0.001 0.777 -- 

Significant p-values at the 0.05 probability level are in bold. 

*Image blur occurred 171 DAP and 6 out of 12 plots were sampled. 
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Table 2.5 Raleigh, NC 2015-2016 winter wheat sensor regression analysis. 

Sensor Statistic 
Days after plant 

114* 127 142 

GreenSeeker slope 0.03 0.12 0.13 

intercept 0.41 0.22 0.21 

R2 0.27 0.53 0.80 

p-value 0.01 < 0.001 < 0.001 

Spectrometer slope 0.03 0.03 0.06 

intercept 0.5 0.52 0.64 

R2 0.19 0.09 0.61 

p-value 0.03 0.15 < 0.001 

Unmanned Aircraft 

Vehicle Multispectral 

Imagery 

slope 0.05 0.08 0.12 

intercept 0.6 0.55 0.54 

R2 0.35 0.41 0.68 

p-value 0.005 < 0.001 < 0.001 

Significant p-values at the 0.05 probability level are in bold. 
*Image blur occurred 114 DAP. 
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Table 2.6 Plymouth, NC 2015 corn sensor regression analysis. 

Sensor Statistic 
Days after plant 

31 42 62 

GreenSeeker slope 0.12 0.25 0.17 

intercept 0.2 0.14 0.33 

R2 0.24 0.64 0.77 

p-value 0.108 0.002 < 0.001 

Spectrometer slope 0.04 -- -- 

intercept 0.23 -- -- 

R2 0.22 -- -- 

p-value 0.126 -- -- 

Unmanned Aircraft 

Vehicle Multispectral 
Imagery 

slope -- 0.02 0.09 

intercept -- 0.59 0.63 

R2 -- 0.03 0.17 

p-value -- 0.598 0.19 

Significant p-values at the 0.05 probability level are in bold. 
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Table 2.7 Raleigh, NC 2016 corn sensor regression analysis. 

Sensor Statistic 
Days after plant 

29 42 51 63 

GreenSeeker slope -0.01 -0.02 -0.007 0.014 

intercept 0.47 0.91 0.84 0.75 

R2 0.001 0.24 0.02 0.02 

p-value 0.87 0.02 0.52 0.55 

Spectrometer slope -0.03 -0.03 -- -- 

intercept 0.55 0.97 -- -- 

R2 0.02 0.21 -- -- 

p-value 0.59 0.03 -- -- 

Unmanned Aircraft 

Vehicle Multispectral 

Imagery 

slope 0.04 -0.01 0.001 -0.001 

intercept 0.50 1.01 0.97 0.99 

R2 0.02 0.27 0.01 0.02 

p-value 0.58 0.01 0.72 0.54 

Significant p-values at the 0.05 probability level are in bold.  

 



89 

 

Table 2.8 2014-2016 nitrogen rate trial sensor regression statistics. 

  2014-15 Plymouth winter wheat trial 2015-16 Raleigh winter wheat trial 

Sensor Statistic 
Days after plant Days after plant 

149 171 178 114 127 142 

GreenSeeker slope 0.16 0.12 0.10(a§) 0.02 0.12 0.13(a) 

CI† ±0.11 ±0.03 ±0.04 ±0.02 ±0.05 ±0.03 

Spectrometer slope 0.17 0.07 0.02(b) 0.03 - 0.06(b) 

CI ±0.12 ±0.04 ±0.01 ±0.03 - ±0.02 

Unmanned Aircraft Vehicle 
Multispectral Imagery 

slope 0.14 - - 0.05 0.08 0.12(ab) 

CI ±0.04 - - ±0.04 ±0.04 ±0.04 

† 95% confidence intervals. 
§ Slopes within a column with different letters are significantly different at the 95% confidence interval. 

 



90 
 

 

Figure 2.1 North Carolina map of research locations (Plymouth and Raleigh). 
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Figure 2.2 Plymouth, NC 2014-2015 winter wheat plot layout with N rates at 0 (L), 84 (M), and 168 (H) kg ha-1.  This plot 
layout was conducted over a Cape Fear (Cf) soil. 
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Figure 2.3 Plymouth, NC 2015 corn plot layout with N rates at 0 (L), 112 (M), and 280 (H) kg ha-1. This plot layout was 

conducted over a Cape Fear (Cf) soil. 
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Figure 2.4 Raleigh, NC 2015-2016 wheat plot layout with N rates at 0, 45, 90, 135 kg ha-1. This plot layout was conducted 
over a Cecil (CeB2) soil. 
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Figure 2.5 Raleigh, NC 2016 corn plot layout with N rates at 0, 34, 67, 101, 135, and 280 kg ha-1. This plot layout was 

conducted over a Cecil (CeB2) soil. 
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Figure 2.6 Portable 8 × 8-inch polyvinyl chloride (PVC) tiles used at the corners and interior of the plot area as ground 

control points. 
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Figure 2.7 Histograms developed by ArcGIS illustrate the near infrared and red spectral bands consisting of pixel count for 

each class identified in the UAV-based multispectral imagery (i.e., soil, shadow, vegetation, and glint) and the digital 

number.  Each wavelength is assigned a digital number on a scale from 0 to 255.  
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Figure 2.8 Scatterplot developed by ArcGIS depicting the four image classes and their relationship between near infrared 
and red spectral bands. Each wavelength is assigned a digital number on a scale from 0 to 255. 
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Figure 2.9 During the Raleigh, NC 2015-2016 winter wheat trial, the percent area within each treatment were classified as 

a) vegetation, b) shadow, or c) soil over three dates identified by a supervised maximum likelihood classification. The box-
and-whisker plots represent a five-number summary; minimum, 25th percentile, median, 75th percentile, and maximum.  The 

mean of each classified area is represented by a diamond within each boxplot.  Image blur indicated by ‘*’ occurred 114 

DAP. 

 

a) b) c) 

* * * 
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Figure 2.10 The images in the upper panels (a, b) illustrate a false color multispectral image with image blur taken 114 DAP of a 90 kg ha-1 treatment area during the Raleigh 

wheat trial and the resulting image classification.  The lower panels (c, d) illustrate a false-color multispectral image of the same treatment area without image blur taken 127 
DAP and the resulting image classification. 
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Figure 2.11 During the Raleigh, NC 2015-2016 winter wheat trial, the percent area within each treatment were classified as vegetation, soil, or shadow. Panels illustrate box-

and-whisker plots over three dates and across nitrogen rates using a supervised maximum likelihood classification. The box-and-whisker plots represent a five-number 

summary; minimum, 25th percentile, median, 75th percentile, and maximum. Image blur indicated by ‘*’ occurred 114 DAP. 
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Figure 2.12 During the Raleigh, NC 2016 corn trial, the percent area within each plot classified as a) vegetation, b) glint, c) 

shadow, or d) soil. Areas are calculated from UAV-acquired multispectral imagery over four dates and identified by a 

supervised maximum likelihood classification. The box-and-whisker plots represent a five-number summary; minimum, 25th 

percentile, median, 75th percentile, and maximum. Treatment means are represented by diamonds. 

 

a) b) 

c) d) 
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Figure 2.13 During the Raleigh, NC 2016 corn trial, the percent area covered in the plot as vegetation, glint, shadow, or soil. Panels illustrate box-and-whisker plots over 

three dates and across nitrogen rates identified by a supervised maximum likelihood classification. The box-and-whisker plots represent a five-number summary; minimum, 

25th percentile, median, 75th percentile, and maximum. 
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Figure 2.14 During the Plymouth, NC 2014-2015 winter wheat trial, sensor relationships between normalized difference 
vegetation index (NDVI) and plant-tissue nitrogen across three dates a) 149 DAP (March 26; Z30), b) 171 DAP (April 17; 

Z51), and c) 178 DAP (April 24; Z61).  Each regression represents a different relationship between NDVI values measured 

by GreenSeeker, spectrometer, and UAV-acquired multispectral imagery and plant-tissue nitrogen. Linear models are 

displayed regardless of significance.  There was a smaller sampling size 171 DAP and image blur occurred as indicated by 
‘*’. 

  

a) 149 DAP 

b) 171 DAP 

c) 178 DAP* 
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Figure 2.15 During the Raleigh, NC 2015-2016 winter wheat trial, sensor relationships between normalized difference 
vegetation index (NDVI) and plant-tissue nitrogen across three dates a) 114 DAP (March 11; Z30), b) 127 DAP (March 24; 

Z37), and c) 142 DAP (April 8th; Z45).  Each regression represents a different relationship between NDVI values measured 

by GreenSeeker, spectrometer, and UAV-acquired multispectral imagery and plant-tissue nitrogen. Image blur occurred 114 

DAP as indicated by ‘*’.  

a) 114 DAP* 

b) 127 DAP 

c) 142 DAP 
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Figure 2.16 During the Plymouth, NC 2015 corn trial, sensor relationships between normalized difference vegetation index 

(NDVI) and plant-tissue nitrogen across three dates a) 31 DAP (May 27; V5), b) 42 DAP (June 8; V7), and c) 62 DAP (June 

29; V12).  Each regression represents a different relationship between NDVI values measured by GreenSeeker, 
spectrometer, and UAV-acquired multispectral imagery and plant-tissue nitrogen.  Linear models are presented 

notwithstanding significance. 

a) 31 DAP 

b) 42 DAP 

c) 62 DAP 
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Figure 2.17 During the Raleigh, NC 2016 corn trial, sensor relationships between normalized difference vegetation index (NDVI) and plant-tissue nitrogen across three dates 
a) 29 DAP (May 26; V3), b) 42 DAP (June 8; V5), c) 51 DAP (June 17; V7), and d) 63 DAP (June 29; V10).  Each regression represents a different relationship between 

NDVI values measured by GreenSeeker, spectrometer, and UAV-acquired multispectral imagery and plant-tissue nitrogen. Linear models are presented notwithstanding 

significance. 

a) 29 DAP 

 

b) 42 DAP 

c) 51 DAP 

d) 63 DAP 
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Appendix A 

Table A.1 List of platforms including in manufacturer, payload, cost, durability, flight time, prep time, survey area, and 

special abilities. 

Platforms Name 
Payload 

(kg) 
Cost Durability 

Flight 

time 

(min) 

Prep 

time 

(min) 

Survey 

area (ha) 
Special abilities 

Rotary 

DJI Phantom 4 - $1,200 low 28 < 5 4 - 

DJI Matrice 

600 

(hexacopter) 

5.5 $4,599  low 16-40 < 5 4 - 

DJI Spreading 

Wings S900 

(hexacopter) 

4.9 $3,100  low 18 < 5 2 Foldable propeller 

Trimble ZX5 
(hexacopter) 

2.3 - low 20 5 2 - 

DJI Spreading 

Wings S1000+ 

(octocopter) 

6.6 $4,899  low 15 < 5 2 Foldable propeller 

DJI Agras 

MG-1 
(octocoptor) 

10 $15,000  low 15 < 5 0.6 

Spray system with 

liquid tank and 
foldable propeller 

Fixed- 

wing 

Trimble UX5 
HP 

- $39,800  high 35 5 100 - 120 - 

Trimble UX5 - $50,999  high 50 5 100 - 120 - 

senseFly eBee - $27,000 High 50 5 1191 Reverse thrust 

PrecisionHawk 

Lancaster 5 
1.15 $25,000  high 45 - 120 Swappable payload 

FourthWing 

Vireo 
- $120,000  high 90 30 100 - 

AgEagle 

Rapid 
- $18,850  high 30-40 - 100 Reverse thrust 

AgEagle 

RX60 
- $18,850  high 45-60 - 120-165 - 
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Table A.2 List of Federal Aviation Administration (FAA) rules for commercial and governmental operations. 

Operational 

Limitations 

• Visual line-of-sight (VLOS) only 

• Daylight-only operations 

• Maximum airspeed of 45 ms-1 (100 mph) 

• Maximum altitude of 122 meters (400 feet) AGL 

• Operations in Class G airspace are allowed without ATC permission 

• May not operate over any persons not directly involved in the operation 

• Must yield right-of-way to other aircraft 

Aircraft 

Requirements 

• Weigh less than 25 kg (55 lbs) 

• Aircraft markings required 

Operator 

Certification 

• Operators must pass an initial aeronautical knowledge test (every 24 months) 

• Operators vetted by the Transportation Security Administration 

• Obtain an unmanned aircraft operator certificate with a small UAS rating 

• Be at least 16 years’ old 

• Report an accident to the FAA within 10 days 
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Appendix B 

Table B.1 Soil sampling results from the Plymouth wheat (PW), Raleigh wheat (RW), and Raleigh corn (RC) trials.  The Plymouth wheat trial had four soil samples collected 

within each treatment area. 

Trial 
Humic 

Matter 

Weight 

per 

Volume 

Cation 

Exchange 

Capacity 

Base 

Saturation 

Exchangeable 

Acidity (Ac) 
pH P K Ca Mg S Mn Zn Cu Na K Ca Mg 

  
g per 
100cc 

g per cc 
meq per 
100cc 

% 
meq per 
100cc 

  –––––––––––––––––– mg dm-3 –––––––––––––––– ––– meq per 100cc –––– 

PW 2.52 0.89 19.1 90 2 5.9 227 360 2244 606 29 6.7 10.2 1.8 0 0.92 11.22 4.98 

PW 2.37 0.88 17.8 89 1.9 5.9 224 343 2102 552 28 7 15.3 2.1 0 0.88 10.51 4.54 

PW 2.52 0.85 18.7 90 1.9 6 241 363 2233 574 30 7 17.1 2.4 0 0.93 11.17 4.72 

PW 2.52 0.87 19.1 90 1.8 6 280 316 2266 629 30 6.9 20 2.6 0 0.81 11.33 5.17 

PW 2.52 0.84 19 90 1.8 6 274 361 2259 603 33 6.9 9.3 1.9 0 0.92 11.3 4.96 

PW 2.52 0.84 18.5 91 1.7 6.2 252 377 2218 582 30 6.6 11.2 2.1 0 0.96 11.09 4.79 

PW 2.76 0.86 17.9 89 2 5.9 250 350 2152 523 32 6.7 10.9 2 0 0.9 10.76 4.3 

PW 2.92 0.86 17.6 90 1.8 6.1 279 279 2120 548 31 6.3 10.6 2.2 0 0.71 10.6 4.51 

PW 2.52 0.84 19.8 91 1.7 6.1 231 230 2450 641 29 6 10.4 2.2 0 0.59 12.25 5.27 

PW 3.01 0.86 17.6 89 2 6 208 294 2140 512 28 5.1 9.1 1.9 0 0.75 10.7 4.21 

PW 2.76 0.87 18.4 90 1.8 6.1 216 358 2256 532 30 5.4 9.3 2 0 0.92 11.28 4.38 

PW 1.74 0.91 17 90 1.6 6.1 278 392 1993 534 31 7 13.3 2.3 0 1 9.97 4.39 

PW 2.44 0.82 18.1 90 1.8 6.1 273 359 2116 585 29 8.6 12.6 2.2 0 0.92 10.58 4.81 

PW 2.29 0.81 17.5 89 1.8 6.1 268 391 2005 563 30 9.5 14.9 2.3 0 1 10.03 4.63 

PW 2.92 0.84 18.1 88 2.1 5.9 260 382 2098 548 32 9.3 13.5 2.3 0 0.98 10.49 4.51 

PW 2.29 0.85 18.8 90 1.9 6.1 277 368 2254 571 31 8.3 15.1 2.5 0 0.94 11.27 4.7 

PW 2.44 0.82 17.6 88 2.1 5.9 302 545 1990 515 29 9.3 13 2 0 1.39 9.95 4.24 

PW 2.44 0.86 19.1 89 2 5.9 307 613 2127 600 30 9.8 16.1 2.3 0 1.57 10.64 4.93 

PW 2.68 0.8 17.4 88 2.1 5.8 276 425 1970 524 31 10 12.9 2.3 0 1.09 9.85 4.31 

PW 3.01 0.86 18.3 88 2.3 5.8 352 561 2038 539 30 10.6 14.9 2.3 0 1.44 10.19 4.43 

PW 2.6 0.9 18.5 89 2 5.9 260 454 2077 615 27 7.8 11.8 2.1 0 1.16 10.39 5.06 

PW 2.44 0.85 17.6 90 1.8 6.1 233 478 2012 547 26 7.1 11.8 1.9 0 1.22 10.06 4.5 

PW 3.01 0.85 17.6 89 2 5.9 212 416 2031 541 31 8.2 10.4 2 0 1.06 10.16 4.45 

PW 3.1 0.8 18.9 89 2.2 5.8 280 531 2114 583 32 10.3 12.6 2.1 0 1.36 10.57 4.79 

PW 2.44 0.86 16.7 87 2.1 5.8 230 482 1724 588 31 9.7 12.5 1.8 0 1.23 8.62 4.84 

PW 1.94 0.82 17.9 90 1.8 6.1 211 380 1987 633 30 7 14 2 0 0.97 9.94 5.21 

PW 3.28 0.81 15.6 85 2.4 5.6 207 359 1609 511 30 6.8 10.8 1.9 0 0.92 8.05 4.2 

PW 3.01 0.79 16.3 85 2.5 5.6 274 456 1672 527 31 9.1 13.9 2 0 1.17 8.36 4.33 

PW 2.76 0.85 17.9 87 2.3 5.8 262 505 1863 611 30 6 13 1.9 0 1.29 9.32 5.02 
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PW 2.84 0.83 16.2 87 2.1 5.9 200 290 1809 519 26 4.6 11.5 1.8 0 0.74 9.05 4.27 

PW 2.84 0.81 19.2 89 2.2 5.9 337 394 2175 633 30 6.6 15.1 2.3 0 1.01 10.88 5.21 

PW 3.67 0.79 17.5 87 2.2 5.8 256 372 1951 560 30 5.9 10.5 1.8 0 0.95 9.76 4.61 

PW 3.01 0.8 20.3 89 2.2 5.9 283 468 2281 673 33 7.8 13.7 2 0 1.2 11.41 5.53 

PW 2.44 0.81 19.4 90 2 6 280 397 2219 650 31 6.6 15.3 2.2 0 1.02 11.1 5.35 

PW 2.68 0.78 19.4 89 2.1 5.8 299 504 2127 658 36 7.4 13.7 2.2 0 1.29 10.64 5.41 

PW 3.1 0.78 19.2 89 2.2 5.9 290 484 2087 651 37 7.5 13.3 2 0 1.24 10.44 5.35 

PW 2.92 0.83 19.2 89 2 5.9 263 393 2173 643 32 6 11.7 1.8 0 1.01 10.87 5.29 

PW 2.44 0.83 18.4 89 2 5.9 241 331 2105 608 28 5.8 13.4 1.9 0 0.85 10.53 5 

PW 2.68 0.79 18.7 88 2.2 5.9 271 417 2133 586 34 7.1 12.3 2.1 0 1.07 10.67 4.82 

PW 2.76 0.81 19.5 89 2.2 5.9 293 473 2202 622 38 7.4 12.5 1.9 0 1.21 11.01 5.12 

PW 2.76 0.81 20.1 90 2 5.9 252 405 2281 680 28 5.5 10.3 1.6 0 1.04 11.41 5.59 

PW 2.22 0.82 19.4 90 1.9 6 274 461 2164 665 32 6 14.8 2 0 1.18 10.82 5.47 

PW 2.08 0.8 20 91 1.8 6.1 291 593 2229 686 29 6.5 14.6 1.8 0 1.52 11.15 5.64 

PW 2.22 0.8 18.6 90 1.9 5.9 263 450 2068 628 27 6.1 12.8 1.7 0 1.15 10.34 5.16 

PW 1.37 0.81 20.4 91 1.9 6 310 549 2268 709 33 7.3 18.3 1.6 0 1.4 11.34 5.83 

PW 1.37 0.8 21.2 94 1.3 6.4 384 498 2620 671 28 6.7 36.5 2.3 0 1.27 13.1 5.52 

PW 1.67 0.81 19.7 91 1.7 6.1 309 427 2359 621 28 6.9 23.8 2.1 0 1.09 11.8 5.11 

PW 1.49 0.79 18.1 92 1.4 6.2 234 416 2117 611 31 7.3 19.2 1.8 0 1.06 10.59 5.02 

RW 0.6 1.18 7.1 73 1.9 5.5 28 67 749 159 15 22 3.1 0.6 0 0.17 3.75 1.31 

RW 0.56 1.13 8.1 84 1.3 6 29 72 915 244 19 15.7 4.5 0.8 0 0.18 4.58 2.01 

RW 0.41 1.06 9.4 86 1.4 5.9 26 94 1079 296 17 13.8 4.4 0.8 0 0.24 5.4 2.43 

RW 0.6 1.14 8.2 81 1.6 5.6 20 70 924 224 15 19.7 3.3 1.4 0 0.18 4.62 1.84 

RW 0.92 1.14 6.3 62 2.4 5.1 63 85 532 120 16 20.6 5.4 0.8 0 0.22 2.66 0.99 

RW 0.86 1.13 7.1 73 2 5.3 73 80 743 154 14 21.5 6.5 0.7 0 0.2 3.72 1.27 

RW 0.66 1.16 6.8 71 2 5.2 34 68 672 166 16 13.9 4.7 0.7 0 0.17 3.36 1.37 

RW 0.66 1.16 7.3 72 2 5.3 58 99 702 182 18 17.9 6.9 0.8 0 0.25 3.51 1.5 

RW 0.66 1.17 6.8 73 1.8 5.4 51 65 697 161 15 19.2 6.8 1.2 0 0.17 3.49 1.32 

RW 0.66 1.14 7.3 72 2 5.4 39 87 729 177 21 16.7 5.6 2.7 0 0.22 3.65 1.46 

RW 0.66 1.11 8.1 78 1.8 5.5 41 89 865 223 18 18.9 8 2.1 0 0.23 4.33 1.83 

RW 0.81 1.18 7.6 76 1.8 5.4 98 75 868 159 18 23.1 7.8 1 0 0.19 4.34 1.31 

RW 0.76 1.14 8.5 76 2 5.5 39 87 896 213 17 27.1 8.1 3.6 0 0.22 4.48 1.75 

RW 0.56 1.09 7.9 73 2.1 5.4 20 83 772 204 20 17 4.5 3.4 0 0.21 3.86 1.68 

RW 0.81 1.16 10.1 83 1.7 5.8 70 77 1180 278 15 46.1 18 6.5 0 0.2 5.9 2.29 

RW 0.46 1.06 7.7 73 2 5.3 15 60 771 195 26 13.7 3.3 1.2 0 0.15 3.86 1.6 

RC 0.56 1.13 9.5 87 1.2 5.8 142 202 1178 231 24 20 7.1 1.2 0 0.52 5.89 1.9 

RC 0.66 1.11 8.4 84 1.3 5.7 120 169 992 206 22 16.3 5.3 1 0 0.43 4.96 1.69 

RC 0.66 1.09 8.4 82 1.5 5.5 93 159 955 206 29 14.9 5.2 0.9 0 0.41 4.78 1.69 



112 
 

RC 0.6 1.15 7.6 80 1.5 5.5 72 145 840 190 26 13.3 4.3 0.9 0 0.37 4.2 1.56 
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Figure B.1 Nitrogen uptake curve for the 2015-16 winter wheat trial in Raleigh, NC. The nitrogen uptake percentages are 

simulated from Alley et al. (1994) and were used to present this graph.  The dates of the UAN applications and UAV-

acquired multispectral imagery taken throughout the trial are also shown. 
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Figure B.2 Nitrogen uptake curve for the 2016 corn trial in Raleigh, NC. The nitrogen uptake percentages are simulated 

from Abendroth (2001) and were used to present this graph.  The dates of the UAN applications and imagery taken 

throughout the trial are also shown. 
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Table B.3 Red and near infrared wavelengths used for each sensor. 

Sensor 

Red Near infrared 

–––––––––– nm –––––––––– 

GreenSeeker 660 770 

Field Spectrometer 670 800 

UAV-acquired 
multispectral sensor 

520 - 600 760 - 900 

 


