
ABSTRACT 

PHILLIPS, RYAN CHRISTOPHER. An Examination of the Capabilities of UAS Visual Band 

Imagery for the Advanced Detection of Corn Lodging Due to Severe Weather Events. (Under the 
direction of Dr. Jason Ward). 
 

Severe tropical weather events, such as hurricanes, can have widespread negative impacts 

to late-season crops.  The timely response necessary to detect and quantify crop damage, has led 

to the need for farmers and other parties to have a quick and quantifiable method to assess 

lodging.  Crop assessment through the use of uncrewed aerial systems (UAS) have increased 

over recent years. More farmers or their service providers have access to their own UAS, 

although advanced sensors and UAS platforms may not have been widely adopted.  Most, if not 

all, UAS users have access to visual band color imagery. Extraction of data from this imagery as 

different indices and as a digital elevation model creates the opportunity to identify metrics that 

can detect and quantify crop lodging damage. The first goal of this thesis was to evaluate the 

damage detection ability different metrics that can be extracted from the RGB imagery such as a 

digital elevation model, relative vegetation indices, a senescence index, and a biomass ratio. 

Evaluations for each metric occur beginning one week prior to the relative maturity date of the 

crop and end one week after.  Data collection and quality issues arose due to equipment failure 

and weather, which did not allow a complete analysis. However, the limited analysis presented 

demonstrates the ability for information on the damage sustained to a crop can be detected using 

only RGB imagery. Metrics were put through a primary ANOVA test followed by a Tukey’s 

Post-Hoc Honest Significant Difference test for testing pairwise differences as well as a mixed 

linear model to examine the numerical difference between treatment groups as well as the age of 

a treatment. All of the metrics were able to determine differences (p < 0.05) in treatments for at 

least 1 of the weeks tested. The time since damage had occurred was also important in 



determining damage status. The physiological condition of the crop, and sunlight conditions 

seem to be the ultimate factors in regards to data quality to ensure accurate results and 

establishing whether there is damage in the field or not. 

The second goal of this thesis was to use visual band UAS imagery collected over a 

simulated lodging experiment and derived indices as inputs into two random forest models: a 

three-class model to classify lodging mode, and a binary classification model to detect the 

presence or absence of damage. Both models were evaluated for performance, which indicated 

high accuracy (> 90%) and prediction power (kappa > 0.8). Two variable selection procedures 

were conducted to determine a minimal model. The Variable Selection Using Random Forests 

(VSURF) procedure indicated that not all model variables were needed while the Boruta 

procedure retained them all. Four models (Three-class all variable and minimal, binary class all 

variable and minimal) were tested on real hurricane damage using a gridded approach where it 

was determined that the model performs accurately (> 90%), but has low prediction power 

(kappa < 0.4). This occurred due to differences between training and testing data such as crop 

age, plant height, and differences in variable values in the two data sets.  
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CHAPTER 1 - Introduction 

Overview 

Crop lodging can reduce expected yields by up to 60% (Berry et al., 2006) as well as 

increase harvest times. Growers need a way to assess lodging due to severe weather events in a 

timely and accurate manner. Current methods for lodging assessment are visual evaluations of 

the crop by someone standing in the field. Others have recognized the need for a quicker 

assessment method. Chu et al. (2017) used Uncrewed Aerial System (UAS) imagery to create a 

3D model for lodging detection and Hamidisepehr et al. (2020) using a deep learning approach 

through 2D imagery only to identify areas of crop damage. A method is still needed that can use 

easily accessible UAS imagery (i.e. RGB color imagery) to detect and quantify crop lodging 

damage. Therefore, the overall goals of this thesis are to 1) examine visual band imagery and 

derived vegetation indices for their individual usefulness in detecting differences among ground, 

ear, or not lodged corn applied during various late season dates (Chapter 2), and 2) create a 

model using machine learning methods that could detect the different modes of lodging and 

identify where they are in a field (Chapter 3). Specific objectives for Chapter 2 include: 1) use a 

non-advanced (RGB) sensor to identify crop damage in a field, 2) determine which channels and 

vegetation indices from an RGB sensor can provide useful information for crop lodging 

detection, and 3) examine if the stage of senescence influences the ability to detect crop damage. 

Specific objectives for Chapter 3 include: 1) build a random forest model for both two and three 

class observations of damage state, 2) determine which model performs better, 3) select the 

minimum amount of variables for each model, and 4) evaluate both models on real hurricane 

damage. Both goals were met through the work documented by this thesis. An examination of 

how to apply the described methods moving forward will be described in the final chapter.  
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Thesis Organization 

This thesis is presented in four chapters in a manuscript format. Chapter one (current 

chapter) provides an overview of the thesis, the background and motivation for the project in the 

form of current issues and a literature review regarding both goals. Chapter two will be the first 

full manuscript describing the use of visual band imagery for crop lodging detection. This 

chapter will deal with the statistical testing to find differences among treatments using the visual 

band imagery. Chapter three will go into detail on using these visual band metrics as inputs for a 

machine learning approach to detecting crop lodging, and examining how the model performs on 

real-world damage data. The final chapter will be in the style of an extension publication that 

describes how producers can use this information to detect and describe the damage they may 

sustain after a storm event.  

Background and Motivation 

Corn, or maize (Zea Mays), is an annual crop grown for many purposes around the world. 

While many plants are grown only for the fruiting body or grain head, all parts of the plant can 

be used for certain applications. The entire plant can be chopped for animal feed such as silage, 

or only the grain can be harvested for use in animal feed, human consumption, or ethanol 

production. Corn is the United States’ largest crop (Capehart, 2019). There are a few ways that 

yields are reduced, but few create the nearly unrecoverable situation as lodging does. 

Lodging is when a plant is deviated from its natural vertical state. The long-term effects 

of lodging can vary by growth stage, but if lodging is severe enough, there is very little that can 

be done to recover a crop. The occurrence of early season corn lodging can occur due to pests or 

nutrient deficiency coupled with a force to bend the plants (i.e. wind), however, many times the 

plants will be able to recover if they have only been bent, and not fully broken. A time when 
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more serious lodging can occur is during the time a plant is almost fully mature through crop 

dry-down. As the plant is filling out the grain head and losing moisture in the stalk, the plant 

becomes top-heavy and is more prone to lodging. At this stage, once the plant has fallen it is no 

longer putting energy into vegetative growth so the plant will not recover. This is where the 

potential for tremendous yield losses occurs. A crop that is lodged at the stalk level has the 

potential to still be ingested and picked by a combine at an economical rate. However, if the crop 

is lodged at the root, the combine may have to move so slowly yet still fail to gather an 

acceptable amount of grain. This is the combination of yield losses from grain falling off of the 

plant onto the ground, the relatively close proximity of the combine header being close to the 

ground to pick up the crop, and the need for extra time to focus on collecting as much crop as 

possible.  

The degree of lodging is generally classified into two categories: stalk and root (Pinthus, 

1974). Stalk lodging occurs higher on the stalk of a plant and is more likely to occur with a 

developed grain head and in drier soil conditions. Root lodging occurs when a plant is broken at 

the root node or is uprooted from the soil. This will typically occur in saturated soil conditions. 

However after a derecho storm event in Iowa during the 2020 growing season, Iowa State 

Extension released guidance on what should be expected from the lodged corn (DeJong, Licht, 

and Anderson, 2020) in which three states of lodging were presented: moderate, severe, and 

broken. The moderate lodging level are plants that are leaning above the 45° angle above 

horizontal, severe lodging includes plants that are pinched, below the 45° angle above horizontal, 

or are laying on or near the ground. Lastly the broken category are plants that have broken below 

the ear, they are no longer able to provide nutrients to the ear. The three states of lodging is a 
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combination of the root and stalk lodging classifier that is widely used and helps determine 

lodging severity, rather than lodging mode. 

This particular wind event occurred very rapidly with extremely high wind velocities. 

Some regions experienced hurricane force winds (33.081 m/s, 74 mph) for over 30 minutes with 

the highest measured wind at 56.327 m/s (126 mph) and estimated highest wind velocity of 

62.586 m/s (140 mph) based on damage estimation (Midwest Derecho, NWS, 2020). This event 

occurred in the middle of the growing season, in a central part of the continental United States, 

however a more common storm event is a hurricane, which primarily effects the southeastern 

quadrant of the Continental United States. The Atlantic Hurricane Season is officially 1 June 

through 30 November with the maximum occurrence of storms during this time is between 

August and October (Landsea, 2016). This is the time that many crops need to be harvested 

throughout the region. When a storm is approaching the decision to harvest or not becomes 

difficult for growers if they were planning on harvesting their crop just after the estimated arrival 

time. If a crop is harvested early, it retains more moisture and in order to store it growers will 

have to spend extra money on drying it down. But if they leave the crop in the field, the risk of 

lodging due to the high winds and rainfall becomes extremely high.  

If growers decide to leave their crop in the field during a storm and lodging does occur, 

the grower can either still harvest the crop or decide to file an insurance claim. Many farmers 

purchase a standard crop insurance policy, the multiple peril crop insurance (MPCI) which 

covers many possible crop losses (disease, drought, flood, etc.), however if they also want 

hurricane protection a separate endorsement, the Hurricane Insurance Protection – Wind Index 

Endorsement (HIP – WI), can also be purchased. New guidance in this policy mandates that for 

an indemnity to be paid, either the county where the claim is filed, or one adjacent, must have 
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sustained hurricane force winds for a minimum of three minutes. Although the crop insurance 

program is administered through the USDA, the policies are sold through and claims reviewed 

by private insurance companies. After a claim is filed the company will send its own adjuster to 

evaluate the damage to a crop by the storm. The challenge facing many growers is that it often 

takes time to get an adjuster to the field, and once they are there, the evaluation is subjective and 

difficult to complete thoroughly, even when conducted by a well-trained adjuster. One of the 

critical issues that this thesis intends to address is the subjective evaluation of lodging. Whether 

the definition provided by Pinthus (1974), the three categories described by DeJong, Licht, and 

Anderson (2020), or a mix of these and other descriptors is used to describe lodging, there is 

generally a variety of lodging states, rather than a uniform distribution of equal damage.  

 

Remote Sensing for Crop Evaluation 

Remote sensing has become one of the most important technologies in precision 

agriculture (Khanal et al., 2017). Remote sensing is imagery collected from satellites, airplanes, 

and UAS or any other sensor that is not in contact with the object of interest. All of the imaging 

is collected from the visible portion (380 nm – 740 nm) through the near infrared (780 nm – 

2500 nm) to the long wave infrared (i.e. thermal, 3 µm – 12 µm) portion of the electromagnetic 

spectrum. Many advanced sensors will capture imagery in the three portions of the visible 

spectrum (blue, green, and red), the area between visible and near-infrared known as the red-

edge, near-infrared, and occasionally thermal, each of which is stored as an image file. Individual 

pixels can represent either relative reflectance in the range of a specific band, or an absolute 

reflectance if calibration or other processes are involved, but many other parameters are needed 

for accurate measurements (Khanal et al, 2017).  
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An early case of using aerial imagery was from Towery et al. (1975) when they evaluated 

hail damage from actual storms in both corn and soybeans. This determined that only using aerial 

imagery in the visible band, that major areas of hail damage could be detected and differentiated 

between others. This initial use of aerial imagery demonstrates the effectiveness of simple 

sensors and the imagery they produce which are still used today on UAS. A recent example of 

this is the automated detection of animal damage in wheat (Kuželka and Surový, 2018). Not only 

does this work show promise for using a simple visual band sensor, but also for automatic 

detection of damage. The full methods that Kuželka and Surový (2018) used for creating the 

automatic classification does go into more complexity than what is the goal of this thesis, 

however it could provide framework for future work.  

Zhang and Kovacs (2012) developed a thorough review of UAS in precision agriculture, 

from which many insights into the development and applications of UAS are drawn. An 

important downside to the use of this particular review article is that the advancement in UAS 

technologies are quickly evolving, and the article is now eight years old, many legal and 

technical aspects of  UAS have changed. A newer review addresses how between the time of 

Zhang and Kovacs (2012) review and their own (Tsouros, Bibi, and Sarigiannidis, 2019) that 

much has changed. One of the newer applications that Tsouros, Bibi, and Sarigiannidis (2019) 

describe is the advent of the Internet of Things (IoT). IoT is using what many think of today as 

the internet to allow devices to communicate information in different ways and for different 

purposes (Khanna and Kaur, 2019). Using IoT, UAS in the future can communicate with ground 

sensors, whether fixed or on machinery, to determine field conditions or how a crop should be 

managed in a real time manner that can create more efficiency as well as complexity. 



   

7 
 

Although looking at how to use technology in the future is important, understanding how 

and why the current technology has been developed and used is just as so. The work conducted 

by Towery et al. (1975) was setting the path for using remote sensing in precision agriculture as 

it is known today. The term precision agriculture first started being used in the middle of the 

1980’s but was not fully commercialized until later in the 1990’s (Mulla, 2013). Even with the 

advent of GPS and use of satellites for remote sensing UAS did not become widely used until the 

mid 2000’s for research purposes and the early 2010’s commercially when the U.S. Government 

set new legal guidelines (Freeman and Freeland, 2015). Many of the early UAS were not the 

well-integrated solutions similar to what is available today, but rather a camera (film or digital) 

strapped to an aerial vehicle with a human flying and taking the pictures. Now flights are 

programmed on a tablet computer that directly connects to a remote control, which leaves very 

little work for the user. This also allows for the possibility of more advanced sensors, such as 

multispectral, hyperspectral, or thermal, to collect data that are more accurate. However, the 

processing of this data becomes intense quickly with multispectral data and even more so with 

hyperspectral data (Adão et al., 2017). Using a visual band sensor is one way in which the work 

described in this thesis aims to support keeping the detection of crop lodging simple for all 

stakeholders involved.  

Machine Learning in Agricultural Sensing 

Now that so many data varieties are available for analysis that are captured using UAS 

the number of explanatory variables has increased to the point that traditional analysis methods 

do not work as well and new methods of analysis are needed (Ip et al., 2018). Whether the 

increase in data is a large number of explanatory variables (e.g. hyperspectral data) or 

observations (e.g. 1 m2 management zones in a 100 ha field), the methods to learn about the data 
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and explain what is occurring are not always easy using traditional methods (e.g. linear 

regression, ANOVA, etc.). However, as technology and computing power improve, machine 

learning (ML) is becoming a new tool to discover patterns in data without prior knowledge of the 

underlying causes. There are many aspects of agriculture that are implementing machine learning 

techniques (Liakos et al., 2018) among which are crop, livestock, soil, and water management. 

The classical definition of machine learning is the ability of a machine to learn the outcome 

without being directly programmed or human intervention (Ip et al., 2018). One distinction to be 

made is that of machine learning and deep learning. Machine learning is one of the broad 

categories within artificial intelligence (AI) while deep learning is a subset of machine learning 

that is often used applications where more precision is needed (Kamilaris and Prenafeta-Boldú, 

2018). Hamidisepehr et al. (2020) evaluated different deep learning and computer vision models 

to detect instances of corn lodging and found that it was possible to use these methods to do so. 

This work is what motivated much of the third chapter of this thesis.   

The ability to detect patterns and learn outcomes is the primary reason that machine 

learning will be used in the second third chapter of this thesis. There has been work conducted 

evaluating the effects of lodging on grain yields (Carter and Hudelson, 1988) however, guidance 

on evaluating crop lodging state and how that impacts yield has only recent been published 

(DeJong, Licht, and Anderson, 2020). The explanatory patterns that would relate a crops spectral 

reflectance behavior to the lodging state are not found in literature. This was the primary reason 

for using machine learning, rather than a traditional modeling approach, to describe the crop 

lodging state using variables from an RGB sensor.  

The specific machine learning technique that will be used is the random forest method. 

First described by Breiman (2001), the random forest is a large number of decision trees that use 
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variable splitting to vote (i.e. predict) the category or value of a variable (i.e. state of lodging). 

Random forests are powerful prediction models using either regression (Hollister et al, 2016) or 

classification (Sonobe et al., 2014). Once models are built, methods exist to select only important 

variables for a model (i.e. build a minimal model) so that processing and data collection can be 

kept to a minimum.  

Conclusions 

The need to evaluate crop damage after a storm event in an efficient manner is growing. 

Current methods for this task are time consuming and subjective. Although new methods for 

UAS crop scouting and sensing exist, a simple method is needed to capture and describe crop 

damage. The first goal of this thesis is to examine simple metrics that can be calculated on from 

RGB imagery and simple cloud processing. The second will be to utilize random forest modeling 

to detect and quantify the type of lodging in corn. Lastly, the information gathered from these 

goals will be condensed into a final document that will detail how this detection can be applied 

with practitioners everywhere. 
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CHAPTER 2 – Assessing crop response to simulated lodging utilizing UAS imagery 

Introduction 

Lodging is one of the primary mechanisms that result in crop damage and monetary loss 

for farmers and occurs mostly in grain crops such as corn, rice, and wheat. As defined by Nielsen 

and Coleville (1988) lodging is stalk breakage that occurs below the ear. Lodging can be caused 

by high wind velocities and/or saturated soils. Both conditions can arise during tropical weather 

events such as tropical depressions, tropical storms, and hurricanes or cyclones. The damage that 

these storms inflict is becoming more pronounced as the changing climate is creating stronger 

and more frequent storms (Mudd et al., 2014). Although the primary motivation for this work 

was tropical weather systems in coastal states, similar damage can be caused by straight line 

wind events, severe thunderstorms, or tornadoes. Figure 1 shows the frequency of all tropical 

weather events from 1851-2015 (Landsea, 2016). The peak frequency shows that most storms 

tend to make landfall during the same time that harvest is about to occur or has started in the 

Southeastern United States. 

 

Figure 1. Frequency of tropical storms vs. arrival time. 

 
After a storm event has passed, assessment of damage to agricultural fields begins with a 

farmer conducting an initial investigation to determine the amount of damage, if any that has 

occurred. If the farmer believes that a damage threshold has been met or surpassed then an 
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insurance claim will be filed. Many growers will purchase Multiple Peril Crop Insurance (MPCI) 

to cover most of the possible crop loss causes (disease, drought, flood, hail, wind, etc.); however, 

there is still a large deductible to be paid out of pocket in a large loss such as a hurricane (USDA 

HIP-WI). There is a supplemental policy known as the Hurricane Insurance Protection – Wind 

Index Endorsement (HIP-WI) that will cover a portion of the deductible in the event of a 

hurricane. Once a grower purchases this policy the criteria for indemnity payment is that their 

county, or an adjacent county, must have been in the area of sustained hurricane force winds 

(speeds greater than 33 m/s) for at least three minutes. This caveat in coverage could allow a 

some damage to occur but not be covered under the HIP-WI. Although damage may not be 

covered under the HIP-WI Endorsement, the MPCI should cover other wind or flood damage. 

Once a claim is filed, trained insurance adjusters have traditionally conducted the damage 

assessment. The adjuster will enter a field and take visual observations to estimate the damage 

that the crop has sustained. The estimate that the adjuster provides is based on training that they 

have received, but still has many subjective components that can affect the amount of 

compensation that a farmer will receive. Not only is this judgement often times subjective, but 

can also be delayed days or weeks after a storm event due to the limited number of adjusters 

compared to the amount of land that needs to be covered after a hurricane damages a large swath 

of area. Remote sensing methods have been used since 1975 to view hail damage (Towery et al., 

1975) but many large scale insurance investigations still rely on satellite imagery which may not 

have the spatial or temporal resolution needed to assess all claims accurately (Leeuw, et al., 

2014). Methods are needed to quickly provide additional information to producers and adjusters 

so that they can make timely decisions, accurately assess crop impacts, or know where to place 

their efforts for the greatest positive outcomes. 
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Crop health assessment has been conducted using UAS (Uncrewed Aerial System) 

imagery for approximately two decades (Zhang and Kovacs, 2012). Health has been quantified 

using vegetation indices (VIs), generally arithmetic combinations of reflectance band values. 

Many of the most popular VIs (Normalized Difference Vegetation Index, Ratio Vegetation 

Index, etc.) utilize red and near-infrared (NIR) bands (Rouse, et al, 1973, Major et al, 1989). This 

common occurrence is due to the how plants reflect and absorb the light; specifically that leaves 

with high chlorophyll content reflect light in the NIR band and absorb in the red band when the 

plant is healthiest (Woolley, 1971). Using these bands for early to mid-stage crop scouting is 

highly effective (Adams et al, 2010), however as the plants start entering later stages of growth, 

namely senescence, the active chlorophyll content is no longer as high (Rajcan et al, 1999) which 

is why the crop loses green color and turns brown. The decreasing chlorophyll level makes using 

the two bands that are sensitive to its presence more difficult. Other methods have been 

developed for measuring progression of senescence until harvest or the plant degrades. The 

Chlorophyll Carotenoid Index (CCI) was evaluated to determine if evergreen conifers exhibited 

differences in photosynthetic activity across seasons and was better able to track this activity 

than the NDVI (Gamon et al, 2016). This index can track how the greenness of a plant can shift 

to the yellow-orange or even brown color seen when a crop is approaching harvest. Another 

metric is the Senescence Index (SI) that utilizes RGB imagery and a supervised classification 

algorithm (Makanza et al., 2018). A user can identify certain regions as either green, yellow, or 

brown (i.e. dry) within a GIS software, which are as inputs to the classification algorithm. The SI 

proved to be somewhat correlated (r = 0.64) to a visual senescence assessment, but this 

correlation is predicted to not show the true accuracy of the index due to variability in the 

individual visual assessments (Makanza et al., 2014). Therefore, this index has the potential to be 
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extremely useful in tracking crop senescence. The theory behind this index of determining the 

ratio of coverage classes inspired the creation of the biomass ratio presented later in this paper.  

Previous work concluded early and late season defoliation (leaf stripping) and stand loss 

can be determined using the spectral response from both aerial and ground based multispectral 

and hyperspectral sensors (Erickson, et al., 2004). Potato yield was strongly correlated (r > 0.77) 

with leaf loss due to simulated hail damage using UAS imagery and the Green Normalized 

Difference Vegetation Index (GNDVI) (Zhou et al., 2016). When using only visual band sensors 

and other metrics such as digital elevation and terrain models (DEM & DTM), these data could 

be included as model inputs for a gridded approach to estimating crop lodging severity in maize 

(Chu et al., 2017) and biomass estimation in barley (Bendig et al., 2015). A preliminary study by 

the authors (Phillips and Ward, 2019) concluded that at a plot level, the DEM and visual band 

metrics individually could be used to detect instances of crop lodging. This detection was able to 

distinguish between the different modes of lodging, but was not able to determine the time since 

damage had occurred.   

There are many uses for UAS and many of the platforms, sensors, and processing 

applications range from user friendly, to those designed for professional use. Although an UAS 

can be very complex, this study aims to use basic metrics that do not require advanced sensors or 

advanced processing (i.e. calibration). All of the processing for this paper can be done through a 

basic cloud processing software.  The goal of this paper is to use visual band (Red, Green, and 

Blue) imagery collected using UAS to detect the occurrence and severity of damage due to 

simulated crop lodging so that the methods described can be assessed under actual conditions.  

The specific objectives are to (1) use a non-advanced (RGB) sensor to identify crop damage in a 

field, (2) determine which channels and VIs from an RGB sensor can provide useful information 
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on crop lodging detection, and (3) examine if the stage of senescence influences the ability to 

detect crop damage. Ultimately, identified metrics could build a model for an index to estimate 

crop damage in a future study. 

Methods 

Study Location and Area 

This study was conducted on the Cherry Research Farm in Goldsboro, North Carolina, 

USA. The field containing the study area was a general crop field growing maize (Zea mays, 110 

day relative maturity) for grain production and was located at the northern edge of the farm 

(78.011730° W, 35.415072° N). The crop was planted on 09 May 2019, and the entire field area 

had uniform agronomic and protectant treatments applied throughout the growing season 

according to local practice.  

The study layout had overall external dimensions of ~96 m (315 ft.) wide by ~58 m (190 

ft.) long. Plots were ~12.2 m (40 ft.) long by six rows wide at a 0.762 m (30 in.) row spacing. A 

six-row buffer was established along outside plot edges and between each plot. There was ~3.05 

m (10 ft.) of undamaged crop between each block. The study was designed as a randomized 

complete block with four replications. Treatments, described below, were based on two different 

simulated crop lodging modes (root lodging and ear lodging) applied over a five week period 

related to estimated relative maturity (RM) and a negative control. An overview of the plot 

layout can be seen below in Figure 2. Plot 101 was located at the Southwest corner progressing 

to plot 411 at the Northeast corner.  

To aid in image stitching, ground control points (GCPs) were installed at the corners of 

the study area as well as the center (Figure 2). The GCPs were each surveyed using a GNSS 

receiver with cellular-based RTK correction using the North Carolina Real Time Network 
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(NCRTN) to an accuracy of less than 2.5 cm (1 in.). These GCPs coordinate values were in 

WGS84 UTM (Zone 18N) and were marked with a painted indicator on the ground so that their 

location could be identified within resulting images.  

 

Figure 2. Study layout in Goldsboro, NC, USA. Image was captured on the week of relative maturity , therefore six treatments 
have been applied. 

 
Damage Simulation Treatments 

Treatments were designed to simulate different modes of crop lodging that could occur 

during severe weather scenarios. Simulated ear lodging was meant to replicate damage observed 

during acute wind events. Simulated root lodging was meant to replicate sustained wind events 

possibly combined with saturated soil conditions. Specific types of damage were inflicted on all 

plants within a plot to simulate weather induced lodging at either the root or the first ear. Ear 

lodging was simulated by bending the stalk to failure immediately below the ear branch node 

leaving the stalk approximately horizontal with the ground. Root lodging was simulated by 

bending the stalk at the first node above the ground surface. The plant either broke at the node or 

was pushed out of the ground. These differences in ground breaks occurred in every plot so will 

not be considered differences for analysis. All rows were damaged in the same direction across 

the entire study. This was done in an attempt to minimize yield impacts to the crop during 
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harvesting at the conclusion of the study. However, the authors acknowledge that in a real 

damage scenario damage may not be uniform throughout a field or may result in complex 

patterns (e.g. swirls) from changing wind direction as a storm passes.  

Treatments were applied to two plots in each replication each week from two weeks 

before the estimated relative maturity (RM-2) to two weeks after estimated relative maturity 

(RM+2). Treatments were ear and root lodging throughout the study period. This resulted in 

eleven plots including the negative control plot. Table 1 contains treatment and flight dates. The 

same treatment modes were applied each week to evaluate the effect of time of damage on the 

crop for the following reasons. First, late season crops change rapidly after they reach 

physiological maturity, a given field could look quite different over few weeks as crops reach 

senescence.  Second, damaged crops could appear different if they were freshly damaged or if 

they were damaged weeks ago.  Treatments were designed to capture as much of the dynamics of 

late-season crop damage as possible.  Treatment mode, the week it was applied and the age of 

that treatment over time are described in Table 2.  

Table 1. Planned flight dates and days after planting. 

Flight Date Days after planting 

RM-2 08/11/2019 101 

RM-1 08/20/2019 110 

RM 08/26/2019 116 

RM+1 09/03/2019 124 

RM+2 09/09/2019 130 
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Table 2. Treatment numbers, modes, application dates, and age of t reatment at each data collection event: 0 indicated simulated 
crop damage treatment was applied immediately prior to UAS data collection.  

Treatment Number Treatment Mode Week Applied Age of Treatment (AOT, weeks) 

   RM-2 RM-1 RM RM+1 RM+2 

1 Root RM-2 0 1 2 3 4 

2 Ear RM-2 0 1 2 3 4 

3 Root RM-1 - 0 1 2 3 

4 Ear RM-1 - 0 1 2 3 

5 Root RM - - 0 1 2 

6 Ear RM - - 0 1 2 

7 Root RM+1 - - - 0 1 

8 Ear RM+1 - - - 0 1 

9 Root RM+2 - - - - 0 

10 Ear RM+2 - - - - 0 

11 Control N/A 0 1 2 3 4 

 
UAS Methods 

A Matrice 600 Pro (DJI, Shenzhen, China) was used to conduct all flights. The multirotor 

platform was equipped with a Zenmuse X5 (DJI, Shenzhen, China) sensor. The sensor captured 

color imagery with the red, green, and blue (RGB) bands as found in an ordinary visual camera. 

A second Zenmuse X5 had red, green, and a filtered NIR band that was used for DEM (Digital 

Elevation Model) creation. All flights were conducted at 91.4 m (300 ft.) above ground level 

(AGL) resulting in a ground sampling distance (GSD) of 2.2 cm/pixel. Test flights conducted 

prior to the treatment dates determined that collecting data lower than this altitude resulted in 

insufficient artifacts in the mature maize crop for automated stitching.   Flights were planned and 

executed with PrecisionFlight (PrecisionHawk, Raleigh, NC). All flights used the direct sunlight 

settings to avoid underexposing the image. Lateral and longitudinal overlap was set to 80% for 

all flights.  
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Data Creation, Extraction, and Preliminary Analysis  

Images from each flight were uploaded to Precision Analytics Agriculture 

(PrecisionHawk, Raleigh, NC). A typical flight consisted of approximately150 individual images 

with a total file size of approximately one gigabyte. Images containing GCPs were flagged in the 

software to geolocate and rectify resulting stitched images. Target files for later analysis were the 

stitched RGB orthomosaic and a DEM created by structure from motion algorithms during 

stitching. Stitched orthomosaic RGB images were downloaded for data analysis in QGIS 3.8 

(OSGeo) or ArcGIS Pro 2.6.0 (ESRI, Redlands, CA). Polygons were created for each plot 

location and were buffered in 0.475 m (1.5 ft.) to reduce edge effects associated with each plot.  

Vegetation Indices 

Five vegetation indices (VIs) were calculated from the discrete RGB color bands in the 

stitched orthomosaic (Table 3). These indices were not originally formulated for late-season 

analysis when crops were desiccating in senescence, but they were selected to attempt to identify 

a simpler alternative for commonly available sensors using visual band imagery. Estimated plant 

heights were directly extracted from the DEM.  

The first VI of interest was the Blue Green Ratio (BGR) (Equation 1). BGR has been 

shown to have sensitivity to Nitrogen supply and the presence of a pathogen in wheat (Bürling et 

al., 2011).  As many standard VIs use the red or green bands to determine a plant’s health, the 

ratio of the red and green reflectance (Equation 2) as the Red Green Ratio (RGR) was evaluated. 

RGR has performed better (Marchant et al., 2001) for classification in a shadowed region of soil 

pixels in an image compared to a ratio with NIR.  

VIs have routinely relied on the absolute reflectance in order to be compared across 

changing times and light conditions. The ability to capture the absolute reflectance in a single 
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band requires the use of a target in the frame of capture with known reflectance properties. This 

target can then be used to calibrate data that was collected within the region at different times 

and lighting conditions. When this study was conducted there were no reflectance reference 

targets within the study area so there cannot be absolute determination of reflectance values. 

Without absolute data, each week’s flight data can only be compared within itself. Therefore, 

relative indices were calculated so that the comparisons can be made across weeks during the 

study duration. Relative individual band indices have been successful; a relative NIR index has 

been shown to strongly correlate (r = 0.80) to tiller density in winter wheat (Flowers et al., 2001). 

These relative indices are described as the relative blue index (b, Equation 3), relative green 

index (g, Equation 4), and the relative red index (r, Equation 5).  

Table 3. Equations used for vegetation index analysis. Where R, G, B denotes value of red, green, and blue color band value, 
respectively. 

Vegetation Index (VI) Equation Equation Number 

Blue Green Ratio 𝐵𝐺𝑅 =  
𝐵

𝐺
 1 

Red Green Ratio 𝑅𝐺𝑅 =  
𝑅

𝐺
 2 

Relative Blue Index 𝑏 =  
𝐵

𝑅 + 𝐺 + 𝐵
 3 

Relative Green Index 𝑔 =  
𝐺

𝑅 + 𝐺 + 𝐵
 4 

Relative Red Index 𝑟 =  
𝑅

𝑅 + 𝐺 + 𝐵
 5 

 
Where 

r = relative red ratio 

g = relative green ratio 

b = relative blue ratio 

RG = Red Green Ratio 

BG = Blue Green Ratio 

R = Red band reflectance value 

G = Green band reflectance value 
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B = Blue band reflectance value 

Raster zonal statistics were calculated for each plot for every VI in Table 3 for every 

week. Mean, median, standard deviation, minimum, maximum, and count were extracted from 

each plot polygon. The statistical software R (Version 3.6.1, Vienna, Austria) was used for the 

data wrangling, visualization, and statistical analysis. To check for equal variances between 

treatment groups the Fligner-Killeen test was conducted with a significance level of 0.05. If no 

differences in variance were detected an ANOVA test was performed to see if any significant 

differences (p < 0.05) existed between the treatments. The ANOVA model had treatment as the 

response variable and replication set as a blocking factor. If differences existed Tukey’s Honest 

Significant Difference (HSD) test was calculated for each week and VI combination. Due to the 

large number of pairwise comparisons the tests were run with a five percent family wise type one 

error rate penalized using the Bonferroni adjustment (n = 55) resulting in an adjusted 

significance level of 9.09 × 10-4. The minimum significant difference (MSD) was calculated, and 

represents the minimum separation between two means to achieve a statistically significant (p < 

9.09 × 10-4) difference (separate mean letter groups). The MSD was calculated for each VI and 

each week. If the mean separation is less than the MSD, then the two treatments will share a 

mean group letter and not considered significantly different. As a note, even if the Fligner-

Killeen test resulted in non-homogenous variances, the ANOVA subsequent Tukey’s tests were 

still run, but will not be the basis of any opinions moving forward. 

Further statistical analysis was conducted using SAS 9.4 also at a significance level of 

0.05. The model considered mean plot reflectance response in different bands and VIs as the 

dependent variable. Damage mode, age of treatment, and the interaction thereof were analyzed as 

fixed effects. Replication effects were considered as random. As discussed previously, each data 

collection event was analyzed independently. In the results, the models are listed as treatment 
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(“trt”) effects, and age of treatment (“aot”) effects, age of treatment is described in the section, 

however for clarification, the treatment in these models is the treatment mode such as an ear or 

ground treatment, not the specific treatment number as described in the Tukey’s HSD tests.  

Senescence Index and Biomass Ratio 

A senescence index (SI) was used to capture how desiccated a crop was in terms of 

drying down and becoming suitable to harvest. The SI was computed as the ratio of the sum of 

yellow and dry biomass pixels to the sum of the green, yellow, and dry biomass pixels (Makanza 

et al., 2018, equation 6). The dry, green, or yellow label for each pixel was derived through a 

Maximum Likelihood Classification (MLC) supervised classification algorithm. Training 

samples were drawn using bounding boxes in ArcGIS Pro 2.6.0 (ESRI, Redlands, CA) 

throughout original orthomosaics at each week of data collection. Once the model had been 

trained, a raster file was made with each pixel representing the classification from the original 

image. A zonal histogram was developed for each plot to describe the classification of each 

pixel. This index was then calculated for each plot in weeks RM-1 and RM.  

Having the SI unable to detect further differences past RM a new ratio was needed to 

describe how the crop was changing. The amount of biomass in an area has been determined by 

calculating the percentage of green pixels within an area (Chung et al., 2017 & Paruelo et al., 

2000). This worked well for both of those studies, however the classification of many colors of 

pixels that was done for the SI allowed biomass that was not green to be captured in the biomass 

ratio. The biomass ratio (BR) was designed to capture the ratio of crop biomass pixels in a plot to 

the total pixels in a plot. Crop pixels were the green, yellow, or dry biomass pixels that were 

classified for the SI, now used for the BR. Although the SI was able to be computed for the first 

two weeks of interest, having a single index that could capture a trend across all four weeks was 
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desired which is why the BR was computed every week, therefore the full equation for the 

biomass ratio will change based on the week it was being evaluated. In weeks RM-1 and RM it 

will be evaluated as BR1 (Equation 7), week RM+1 as BR2 (Equation 8) and in week RM+2 as 

BR3 (Equation 9). The classifications within each week are not the same and that is why the 

evaluation changes every week. 

Table 4. Biomass Ratio Equations. Weeks RM-1 and RM had the Senescence Index calculated, while all of the weeks had the 

Biomass Ratio Calculated. The Biomass Ratio was slightly altered depending on the week. Each color in the equation represents 
the number of those pixels in a given plot. 

Week Equation Equation Number 

RM-1, RM 𝑆𝐼 =  
𝑌𝑒𝑙𝑙𝑜𝑤 + 𝐷𝑟𝑦

𝐺𝑟𝑒𝑒𝑛 + 𝑌𝑒𝑙𝑙𝑜𝑤 + 𝐷𝑟𝑦
 (6) 

RM-1, RM 𝐵𝑅1 =  
𝐺𝑟𝑒𝑒𝑛 + 𝑌𝑒𝑙𝑙𝑜𝑤 + 𝐷𝑟𝑦

𝐺𝑟𝑒𝑒𝑛 + 𝑌𝑒𝑙𝑙𝑜𝑤 + 𝐷𝑟𝑦 + 𝑆𝑜𝑖𝑙
 (7) 

RM+1 𝐵𝑅2 =  
𝑌𝑒𝑙𝑙𝑜𝑤 + 𝐷𝑟𝑦

𝑌𝑒𝑙𝑙𝑜𝑤 + 𝐷𝑟𝑦 + 𝑆𝑜𝑖𝑙
 (8) 

RM+2 𝐵𝑅3 =  
𝐷𝑟𝑦

𝐷𝑟𝑦 + 𝑆𝑜𝑖𝑙
 (9) 

 

Data Availability and DEM Extraction 

Despite best efforts to optimize imagery collection conditions, there were challenges that 

led to the complete exclusion of two RGB image sets. Battery failure prevented collection of 

week RM-2 RGB imagery and cloud shadow covered a majority of the plots for week RM+2 

RGB imagery. With no viable RGB imagery available for RM-2 and RM+2 data collection 

events, all analysis dependent on these data could not be conducted. Imagery from week RM-1 

contained a partial shadow which led to the exclusion of limited plots, described in more detail in 

the beginning of the results section.  Data sets for all week collected with the filtered NIR 

multispectral sensor were viable. 
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Given the described data availability issues with RGB imagery, image data from the 

filtered NIR sensor were used to generate the DEMs for each weekly data collection. The same 

method of raster data extraction and statistical analysis as described for VIs was applied to 

DEMs. When DEM values are presented in Figure 9 and Table 14, the raw DEM value in meters 

is what is displayed. 

Visual Assessment Survey 

A survey with 14 images was sent to 15 untrained observers within the Biological and 

Agricultural Engineering Department. The images within contained bounding boxes in which the 

damage mode would be selected as either None, Root, Ear, or Damage present – unsure of mode. 

There were five instances of each type of damage with imagery from different weeks of this 

experiment as well as another experimental site and imagery from a real world damage event. 

Results and Discussion 

In the following discussion there are a few issues that should be noted when analyzing 

the results. In week RM-1 there was a shadow artifact that was approximately 12 m (~40 ft.) 

wide that partially transected the field through plots 103, 104, 203, 204, 303,  304, 403, and 404. 

The shadow was expected to unduly influence extracted VI and DEM values, so the impacted 

plots were excluded from analysis.  

The p-values from the Fligner-Killeen test are provided in Table 5. The results are for 

each VI and the corresponding week. Means and Tukey means separations were provided in the 

tables, numerical dispersion metrics were represented in the associated boxplots and were 

intended to provide an idea of the dispersion within a treatment. The graphical representation can 

be combined with the Tukey letter grouping to mostly interpret the differences between 

treatments. Lastly, a tabular output is provided for the mixed linear models for indices that have 
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significant differences among the treatments, or the time since damage has occurred. This output 

lists treatments, which can be interpreted as treatment mode, and age of treatment, which is how 

long since the treatment was applied. 

Table 5. Fligner-Killeen Test p-values for each VI and the corresponding week. Any p-value less than 0.05 should be considered 
significant. 

 RM-2 RM-1 RM RM+1 RM+2 

BG - 0.679 0.005 0.273 - 

RG - 0.124 0.055 0.383 - 

b - 0.314 0.001 0.151 - 

g - 0.193 0.047 0.337 - 

r - 0.093 0.121 0.199 - 

DEM 0.822 0.726 0.188 0.579 0.496 

SI - 0.299 0.023 - - 

BR - 0.192 0.096 0.776 0.028 

 

Visual Assessment 

The first objective was to determine if the damaged plots could be detected only through 

a visual inspection of the imagery. Figure 3 has the four RGB orthomosaics that were used for 

visual inspection and data extraction. Upon visual inspection, the damaged plots were obvious to 

the authors that had conducted the field experiment. However, when an untrained and 

uninvolved person examined the imagery, they were only able to predict the correct damage state 

61.7 % of the time. When the area of interest was undamaged, the response accuracy was nearly 

100 % correct for all images and users. The lowest correct response rate was for an area of real 

world damage that was classified as root lodging in the field; only one of the fifteen respondents 

answered correctly. The ease of detection for experimental is not unexpected and warrants 

further investigation as to whether less severe damage that is not laid out in a study (i.e. truly 

random and non-fixed areas) could also be detected by someone who has no training or 

knowledge of the damage distribution. Hail damage location has been compared between the 
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estimate from aerial imagery and a ground adjuster (Towery, 1975) where it was determined that 

this damage could be detected. However, if the damage is not in discrete treatment modes (i.e. 

severely bent above the root, yet below the ear for this study) it was more difficult for an 

untrained observer to accurately identify the damage mode. 

 

Figure 3. RGB Orthomosaics of weeks (a) RM-1, (b) RM, (c) RM+1, (d) RM+2. 

 
Blue Green Ratio 

The blue green ratio (BGR) displayed less dispersion, or within-treatment-variation, in 

the treatments that were applied in weeks RM-1 and RM compared to the plots that were yet to 

be treated, but this does not hold true for week RM+1 (Figure 4). The Fligner-Killeen test 

resulted in week RM as the only one without homogenous variances (p = 0.005), this is likely 

occurring due to the treatments that have not been applied yet. All three weeks had at least one 

significant difference between treatments (p = < 0.001, 0.00114, 0.00114, respectively).The 

smaller dispersions do not seem to be important when evaluating the Tukey’s HSD test results 

(Table 6) to detect differences in treatments. The treatment mean dispersion increases as the time 

period increases which made meaningful means separation difficult to identify. Treatment 1 

stands out in the second week with the highest mean and very little dispersion among replicates 

which could be an indication that the plants need some time to degrade before any change is 

detectable as this was a ground treatment applied the previous week. That is, this treatment had 
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occurred the prior week so having been broken down for a weeks time may have allowed for 

degradation of the plant to occur to the point that the reflectance values are different than from a 

plant that has been broken immediately before the flight.  

 

Figure 4. Boxplots of the mean blue green ratio value for the treatments. Both the boxes as well as data points are included to 

show distribution. The left plot labeled "-1" is week RM-1, the middle plot labeled "0" is week RM, and the right plot labeled 
"+1" is week RM+1. 

 

The one pattern in the boxplots that calls for more investigation is that the ear treatments 

have lower values than the ground treatments. This could indicate that there is a difference in 

these plots that was not identified through the Tukey’s HSD test. In week RM+1 this pattern is 

seen with odd treatments having higher mean values than even treatments, however the 

minimum significant difference is too large for any of these means to be significantly different. 

The mixed model application shows that the need to know the age of a treatment becomes 

important when evaluating the damage level (Table 7). The treatment mode and age of treatment 

are both significant weeks RM-1 (p < 0.001) and RM (p < 0.05) but not for week RM+1. The 

significance in weeks RM-1 and RM suggest there is a difference in treatment mode and age of 

treatment and the interaction is also significant (p = 0.0057 and p = 0.0003, respectively) which 

indicates the amount of difference in mean BGR between treatment modes for a given week 

depends on how long ago the treatment was applied. There seems to be a limited window (RM-1 

and RM) that the BGR can act as a detector of crop damage. Although there is no significant 
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differences indicated in week RM+1 this metric still has the potential to describe crop damage 

well. 

Table 6. Tukey's HSD test group results for the blue green ratio. Means are ranked in descending order to keep groups together. 
Different letters represent mean separation. The MSD for each week is listed at the bottom.  

Week RM-1  BGR Week RM BGR Week RM+1 BGR 

Treatment Mean Groups Treatment Mean Groups Treatment Mean  Groups 

1 0.798 a 1 0.850 a 1 0.928 a 

3 0.704 ab 3 0.820 ab 3 0.912 a 

8 0.702 b 10 0.806 ab 7 0.907 a 

5 0.696 b 4 0.805 ab 5 0.906 a 

2 0.696 b 7 0.803 ab 4 0.894 a 

11 0.681 b 5 0.802 ab 10 0.892 a 

7 0.681 b 11 0.797 ab 8 0.888 a 

10 0.676 b 8 0.793 ab 11 0.879 a 

4 0.659 b 2 0.785 ab 9 0.875 a 

6 0.657 b 9 0.779 ab 6 0.860 a 

9 0.656 b 6 0.743 b 2 0.858 a 

MSD: 0.095 MSD: 0.092 MSD: 0.096 

 

Table 7. Fixed Effects of Mixed Model approach for the three weeks of VI analysis for the Blue Green Ratio (BGR). The 

treatment effect is between ground and ear breaks, the “aot” is the age of treatment, and the interaction between these two is also 
listed. 

BGR 

Week Effect  Num DF Den DF F Pr > F 

RM-1 trt  2 7.73 33.65 0.0002 

RM-1 aot 1 7.72 41.53 0.0002 

RM-1 trt*aot 1 8.43 13.55 0.0057 

RM trt  2 5.99 8.5 0.0178 

RM aot 2 11.3 94.97 0.0001 

RM trt*aot 2 11.3 18.62 0.0003 

 

Red Green Ratio 

Similar to BGR, RGR indicates that the VI is higher for treated plots in week RM-1 

(Figure 5). The boxplots indicate a difference in treatment mode (root vs ear lodging) for weeks 

RM and RM+1 (Ear value seems to be higher than root). The Fligner-Killeen test did not 
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produce any significant results (p > 0.05) so the ANOVA can be fully interpreted for this ratio. 

The ANOVA confirms that there is at least some differences between treatments (p = 0.0154, 

0.000324, 0.0253, respectively). The only differences that were captured using the mixed model 

was a significant difference in age of treatment for week RM (p = 0.0011) and treatment mode 

for week RM+1 (p = 0.0331). So although there was a difference detected by the primary 

ANOVA procedure, the wide dispersion for most treatments of every week makes it difficult to 

quantify the differences between treatments, it only can tell us if one of the treatments is 

different than the rest. The wide variability is also making the Tukey’s results likely difficult to 

interpret as no significant differences are found in any of the pairwise comparisons.  

 

Figure 5. Boxplots of the mean red green ratio value for the treatments. Bot h the boxes as well as data points are included to 

show distribution. The left plot labeled "-1" is week RM-1, the middle plot labeled "0" is week RM, and the right plot labeled 
"+1" is week RM+1. 
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Table 8. Tukey's HSD test group results for the red green ratio. Means are ranked in descending order to keep groups together. 
Different letters represent mean separation. The MSD for each week is listed at the bottom.  

Week RM-1  RGR Week RM RGR Week RM+1 RGR 

Treatment  Mean Group Treatment Mean Group Treatment Mean Group 

1 1.307 a 4 1.333 a 8 1.265 a 

2 1.265 a 7 1.330 a 6 1.257 a 

7 1.238 a 10 1.325 a 4 1.253 a 

8 1.232 a 8 1.321 a 10 1.244 a 

10 1.231 a 9 1.310 a 9 1.243 a 

3 1.212 a 11 1.310 a 11 1.239 a 

4 1.204 a 2 1.280 a 2 1.230 a 

5 1.197 a 3 1.265 a 7 1.224 a 

11 1.192 a 6 1.258 a 3 1.208 a 

9 1.187 a 1 1.249 a 1 1.200 a 

6 1.181 a 5 1.216 a 5 1.186 a 

MSD: 0.160 MSD: 0.137 MSD: 0.119 

 

Relative Blue Index 

Weeks RM-1 and RM+1 did not show any significant differences between treatment 

variances (p > 0.05) however week RM did. The primary ANOVA analysis showed that there 

were significant differences in the treatments for all three weeks (p = 0.000227, < 0.0001, < 

0.0001, respectively). This is the first VI to have smaller variances for weeks RM and RM+1 

(Figure 6) and seemingly tighter dispersions in week RM-1 compared to the BGR (Figure 4) and 

RGR (Figure 5). The Tukey’s HSD test was rather weak for week RM-1 but shows strong 

differences for weeks RM and RM+1. The ear and ground treatments are nearly grouped above 

(ground treatment) and below (ear treatment) the yet-to-be treated plots for week RM+1, but 

could still be stronger. This pattern is not fully present but does add to the possibility of trend. 

The mixed model’s fixed effects counteract this. The treatment, age of treatment, and their 

interaction are significant for each week (Table 10). The treatment effect is seen in the boxplots 

with the ear treatment plots having a lower value than the ground treatment counterparts do. 
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Lastly, the interaction significance once again suggests that the difference in a ground and ear 

treatment grouped together by application date will be different based on the amount of time it 

has been since the treatment was applied. This suggests that the relative blue index would be a 

strong candidate for describing crop damage moving forward. 

 

Figure 6. Boxplots of the mean relative blue index value for the treatments. Both the boxes as well as data points are included to 

show distribution. The left plot labeled "-1" is week RM-1, the middle plot labeled "0" is week RM, and the right plot labeled 
"+1" is week RM+1. 

 
Table 9. Tukey's HSD test group results for the relative blue index. Means are ranked in descending order to keep groups 

together. Different letters represent mean separation. The MSD for each week is listed at the bottom.  

Week RM-1 b Week RM b Week RM+1 b 

Treatment Mean Group Treatment Mean Group Treatment Mean Group 

1 0.257 a 1 0.274 a 1 0.297 a 

3 0.239 ab 3 0.267 ab 3 0.294 ab 

2 0.237 ab 5 0.257 abc 5 0.293 abc 

5 0.236 ab 2 0.257 abc 7 0.289 abcd 

8 0.236 ab 4 0.256 abc 4 0.284 abcd 

11 0.235 ab 10 0.256 bc 10 0.283 abcd 

7 0.229 b 11 0.255 bc 8 0.281 bcd 

10 0.229 b 7 0.254 bc 11 0.281 bcd 

4 0.229 b 8 0.253 bc 9 0.280 bcd 

6 0.228 b 9 0.251 bc 2 0.279 cd 

9 0.228 b 6 0.247 c 6 0.276 d 

MSD: 0.026 MSD: 0.018 MSD: 0.015 
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Table 10. Fixed Effects of Mixed Model approach for the three weeks of VI analysis for the Relative Blue Ratio (b). The 

treatment effect is between ground and ear breaks, the “aot” is the age of treatment, and the interaction between these two i s also 
listed. 

Relative Blue Ratio Fixed Effects 

Week Effect  Num DF Den DF F Pr > F 

RM-1 trt  2 9 59.47 <0.0001 

RM-1 aot 1 9 40.64 0.0001 

RM-1 trt*aot 1 9 15.67 0.0057 

RM trt  2 5.4 46.56 0.0004 

RM aot 2 9.58 67.43 <0.0001 

RM trt*aot 2 9.58 11.22 0.0031 

RM+1 trt  2 6.71 17.47 0.0022 

RM+1 aot 3 17.2 5.15 0.0101 

RM+1 trt*aot 3 17.2 6.3 0.0045 

 

Relative Green Index 

Like the relative blue index, weeks RM-1 and RM+1 provide homogenous variances 

across treatment groups, however week RM does not (p < 0.05). The application of treatments 

are undistinguishable in the box plots (Figure 7), however this was only confirmed using the 

ANOVA test for week RM+1 (p = 0.983). Weeks RM-1 (p < 0.0001) and RM (p = 0.0485) both 

had significant differences among treatments which were confirmed using the group assignment 

from Tukey’s HSD test. Having no distinguishable difference among treatments is somewhat 

confirmed using the mixed model analysis. In week RM-1 there was not a significant difference 

between treatment modes (p = 0.295) but the age of the treatment was (p = 0.0083). Week RM 

only the age of the treatment was significant (p < 0.0001) which is likely due to the older plots 

starting to dry down and this being the week of estimated relative maturity. There were no 

significant differences in week RM +1 which can be expected since that is the first week the crop 

starts drying down and less green is seen in the field. The lack of differences in this week and 

limited use in the week of relative maturity weakens the strength of this index as a descriptive 

metric for damage over time.  
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Figure 7. Boxplots of the mean relative green index values for the treatments. Both the boxes as well as data points are included 

to show distribution. The left plot labeled "-1" is week RM-1, the middle plot labeled "0" is week RM, and the right plot labeled 
"+1" is week RM+1. 

 

Table 11. Tukey's HSD test group results for the relative green index. Means are ranked in descending order to keep groups 
together. Different letters represent mean separation. The MSD for each week is listed at the botto m. 

Week RM-1  g Week RM g 

Treatment Mean Group Treatment Mean Group 

6 0.357 a 6 0.335 a 

9 0.356 a 5 0.332 ab 

4 0.352 a 2 0.328 ab 

11 0.351 a 9 0.326 ab 

5 0.349 ab 3 0.325 ab 

10 0.348 ab 11 0.324 ab 

7 0.347 ab 8 0.324 ab 

3 0.346 ab 1 0.323 ab 

8 0.345 ab 10 0.322 ab 

2 0.342 ab 7 0.321 ab 

  1 0.323 b 4 0.320 b 

MSD: 0.0269 MSD: 0.0227 

 
 

Relative Red Index 

There were homogenous variances between the three weeks of interested for the relative 

red index and it did not provide any significant differences in week RM-1 (p = 0.658). 

Differences were found in weeks RM (p < 0.0001) and RM+1 (p < 0.0001). The separations 

between ear and ground treatments also became more apparent in the boxplots for these weeks 

(Figure 8). In these weeks, the odd treatments (root lodging) appear to have a lower index value 
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than the even treatments (ear lodging) applied the same week which is the opposite for all of the 

other VIs that have been explored. This is displayed in Table 12 where the even treatments are in 

earlier letter groups (a or b), and odd treatments have letters in the groups further down the 

alphabet (b or c). The mixed model analysis confirms that there is a difference between 

treatments and the age of treatment in weeks RM and RM+1 (Table 13). Although it may not be 

possible to use this index for week RM-1, the ability for this index to display a difference later in 

the season may give it strength for use as a detector of lodging. 

 

Figure 8. Boxplots of the mean relative red index values for the treatments. Both the boxes as well as data points are included to 

show distribution. The left plot labeled "-1" is week RM-1, the middle plot labeled "0" is week RM, and the right plot labeled 
"+1" is week RM+1. 

 
Table 12. Tukey's HSD test group results for the relative red index. Means are ranked in descending order to keep groups 

together. Different letters represent mean separation. The MSD for each week is listed at the bottom.  

Week RM r Week RM+1 r 

Treatment Mean Group Treatment Mean Group 

4 0.423 a 6 0.403 a 

7 0.423 ab 8 0.401 a 

9 0.423 ab 9 0.398 a 

8 0.423 ab 2 0.398 ab 

10 0.422 abc 4 0.398 abc 

11 0.420 abc 11 0.397 abc 

6 0.418 abc 10 0.396 abc 

2 0.416 abc 7 0.391 abc 

3 0.410 bc 3 0.387 bc 

1 0.403 c 1 0.383 c 

5 0.402 c 5 0.383 c 

MSD: 0.0190 MSD: 0.0143 
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Table 13. Fixed Effects of Mixed Model approach for the three weeks of VI analysis for the Relative Red Ratio (r). The treatment 
effect is between ground and ear breaks, the “aot” is the age of treatment, and the interaction between these two is also listed.  

Relative Red Ratio Fixed Effects 

Week Effect  Num DF Den DF F Pr > F 

RM trt  2 13.3 57.62 <0.0001 

RM aot 3 20.1 6.51 0.003 

RM trt*aot 3 20.1 3.87 0.0247 

 

Digital Elevation Model 

The digital elevation model as an estimate of plant height is where the most direct 

evidence of crop lodging was expected. This would be seen as a deviation from the overall field 

height which was represented by the control treatment. The use of a DEM to detect crop lodging 

was confirmed in previous studies (Chu et al., 2017, Phillips and Ward, 2019). The in-field 

elevation variability at the study site was less than one meter, therefore with a uniform crop 

height a similar variability would be expected for non-damaged plots. A trend is seen in the box 

plots that indicate that damaged treatments have a lower DEM value than an undamaged 

treatment, which was expected. However, in weeks RM-1 and RM there were some other issues 

occurring that created unnecessary variability. These weeks are still considered in the analysis, 

but careful consideration must be made when evaluating the results. Also, the trend that was seen 

was related to the differences in treatment modes, not the values over time. The value of the 

mean of the control plot changes every week, so even though a separate sensor was used, there 

are still repeatability issues that need to be addressed.  

The Fligner-Killeen test did not detect any significant differences for non-homogenous 

variances between treatments for any of the weeks. The primary ANOVA analysis indicated that 

each week had some significant difference between the treatments (p = < 0.0001, < 0.0001, 

0.00189, < 0.0001, < 0.0001, respectively). Some of the differences detected using the Tukey’s 

HSD test confirmed what was predicted to occur, and some differences do not make any physical 
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sense. First, treatments one and two are at the bottom of the week RM-2 column since they are 

the only two plots that have been damaged. Treatment two does have a mixed grouping but since 

it is an ear treatment that is understandable. Week RM-1 has all of the treated plots at the lowest 

portion of the rankings with the two ground treatments lowest followed by the ear treatments 

with the most recent ear treatment again receiving a mixed grouping. The groupings in week RM 

did not follow this expected trend, but the boxplots did show erroneous mean values so that 

could be reflected in the grouping which is explained by the much larger MSD (1.364 m) that 

this week had. The expected trend was again found in the rankings for week RM+1. The four 

ground treatments occupy the lowest four positions, followed by the four ear treatments above, 

with the three remaining unapplied treatments at the top. Although the groupings do not provide 

hard evidence of separation in these groupings, the relative ranking suggests the expected 

differences and the groupings do suggest that all of the ground treatments were different than the 

undamaged treatments while the ear treatments were somewhere between. Week RM+2 fails to 

provide any meaningful information, similar to week RM.  

The damage modes were significantly different for every week and the age of treatment 

was significantly different (p < 0.05) for only week RM+2 (Table 15). The fact that the age of 

treatment is not significant for the DEM is somewhat expected; the elevation of a treatment 

should not change once it has been applied unless the crop tries to stand back up. This is why age 

of treatment should not matter when evaluating DEM. This research shows strong evidence that 

a DEM can be useful when describing crop damage when evaluated using either the Tukey’s 

HSD test results or the mixed model approach. However, a bare ground flight to create a plant 

height map, rather than raw values would be more valuable for comparison. Assessing the 

accuracy of each week’s DEM is also important in validating this data source. As is stands, the 
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control plot does not have the same height every week, so determining where those differences 

originate will be important in using the DEM as a damage detection source.  

 
Figure 9. Boxplots of mean DEM value for the treatments. Both the boxes as well as data points are included to show 

distribution. The top left plot labeled “ -2” is week RM-2 moving right to left  progresses through the weeks with the bottom center 
plot labeled “+2” as week RM+2. The MSD for each week is listed at the bottom.  

 
Table 14. Tukey's HSD test group results for the DEM. Means are ranked in descending order to keep groups together. Different 

letters represent mean separation. The MSD for each week is listed at the bottom. 

DEM RM-2 DEM RM-1 DEM RM DEM RM+1 DEM RM+2 

Trt  Mean Group Trt  Mean Group Trt  Mean Group Trt  Mean Group Trt  Mean Group 

6 24.99 a 6 24.23 a 6 24.64 a 11 24.36 a 10 24.98 a 

3 24.99 a 8 24.20 a 8 24.31 a 9 24.34 a 11 24.84 ab 

8 24.92 a 7 23.94 ab 11 24.22 a 10 24.29 ab 8 24.76 abc 

7 24.87 a 11 23.79 abc 9 24.15 a 8 24.06 abc 4 24.43 abc 

9 24.78 a 9 23.69 abcd 7 24.04 a 6 23.93 abc 7 24.36 abc 

5 24.75 a 10 23.68 abcd 10 23.72 a 2 23.68 abc 2 24.33 abc 

11 24.73 a 5 23.67 abcd 3 23.45 a 4 23.59 bc 9 24.33 abc 

4 24.73 a 4 22.96 bcd 2 23.39 a 3 23.49 c 1 24.29 bc 

10 24.70 a 2 22.68 cd 1 23.17 a 1 23.47 c 6 24.28 bc 

2 23.92 b 1 22.53 d 4 23.16 a 7 23.39 c 5 24.11 c 

1 23.37 b 3 22.47 d 5 23.04 a 5 23.36 c 3 24.08 c 

MSD: 0.622 MSD: 1.248 MSD: 1.978 MSD: 0.704 MSD: 0.687 
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Table 15. Fixed Effects of Mixed Model approach for the five weeks of analysis for DEM. The treatment effect is between 
ground and ear breaks, the “aot” is the age of treatment, and the interaction between these two is also listed.  

DEM Fixed Effects 

Week Effect  Num DF Den DF F Pr > F 

1 trt  2 6 71.32 <0.0001 

1 aot 0 - - - 

1 trt*aot 0 - - - 

2 trt  2 8.23 10.54 0.0054 

2 aot 1 7.73 0.63 0.5668 

2 trt*aot 1 8.65 1.4 0.268 

3 trt  2 8.16 5.22 0.0347 

3 aot 2 13.5 2.57 0.1133 

3 trt*aot 2 13.5 6.14 0.0126 

4 trt  2 8.6 45.68 0.0001 

4 aot 3 20.3 1.9 0.162 

4 trt*aot 3 20.3 5.35 0.007 

5 trt  2 6.73 20.23 0.0014 

5 aot 3 24.9 9.21 0.0001 

5 trt*aot 3 24.9 3.15 0.0316 

 
Senescence Tracking and Influence on Detection 

The Tukey’s HSD test nor the mixed model analysis was run for all weeks of the SI as it 

was not evaluated the same way across the four weeks of treatment. It was assumed that the best 

time to have evaluated the SI and analyze Tukey’s HSD results would have been from RM-2 to 

RM. These were the weeks that have the crop transitioning from very green to brown as it dries 

down. Once past this time-frame, the amount of green material dropped off dramatically in week 

RM+1 so there was mostly yellow and dry brown material; week RM+2 saw the same drop off in 

yellow to the extent only dry, brown biomass was left rendering the SI ineffective in determining 

differences between plots.  

In week RM-1 (Figure. 10, top), treatments one, two, three, and four had been applied. 

Treatment one has been pushed extremely high on the scale which is likely the impact of the root 

lodging showing the sides of the plants rather than the tops. When evaluating the remainder of 

the treatments it seems difficult to detect means separation between treatments. In the bottom 
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plot, treatment three, which was freshly broken in week RM-1 has dried down over the course of 

the week and has a higher SI value and is clumped toward the upper end of the scale with 

treatment one. Treatment five is a fresh root lodge treatment in this week, however it moves up 

the scale unlike treatment three in the previous week. This, along with how many of the other 

treatments have higher values in RM indicate that the SI is capturing the dry down and browning 

of the crop as a whole.  

 

Figure 10. Boxplots for the SI in weeks RM-1 (top) and RM (bottom). 

 
Although this rise in SI supports that senescence can be tracked, it does not explain how 

senescence affects the other VIs that were explored in previous sections. This index also brings 

its own set of challenges that the other VIs did not. First, the classification is a manual process 

that is subjective and must be done for every week. While this is not a barrier for this particular 

experiment, it places a labor burden on any large-scale application of this index. Second, the 

distinction between “green” and “yellow” in early weeks can be difficult to make as well as the 

difference in “yellow” and “dry” in later weeks. A trained insurance adjuster, crop extension 

specialist, or other expert in the field might not have this problem, but for an untrained eye, it 

could be the cause of miss-classifications. Lastly, as the later weeks arrived, green material 

disappeared first, followed quickly by yellow. When there is only very little yellow material, or 
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only dry, brown material left, the equation forces the index to one, therefore no differences 

between treatments will be seen. This is not a problem when only senescence is being tracked, 

but if this index were to be used for damage detection then it becomes useless when all areas are 

equal.  

Biomass Ratio 

The SI was built as a ratio of different classes of pixel types, and this same idea was used 

to build the biomass ratio (BR). This ratio was designed to capture the amount of plant pixels 

within a plot relative to the total pixels in the plot minus the weeds. Determining the amount of 

crop material within the plot that could be seen from above was decided based on the geometry 

of a corn plant; when the plant is upright it has a smaller footprint, and once it deviates from 

vertical that footprint increases. There was a second benefit in terms of the plant footprint as 

well. The leaf area on a younger plant is larger than that on a plant that has gone through 

senescence. Capturing the amount of plant area compared to the total area in each plot should 

also show not only how senescence is progressing, but if the plant area is increasing late in the 

season, indicating an area of sideways or damaged plants. This method does introduce the 

possibility for error when many weeds are growing in a single plot. Weeds can cause a wide 

spread in the box plots so those pixels were classified, but not included in the calculation for total 

plot pixels or biomass pixels. The removal of weed pixels from calculations should narrow the 

spread of means within a treatment; however, some treatments still display excessive within-

treatment-variability, which was likely due to certain plots within a treatment being in a shadow, 

and other plots positioned in direct sunlight. 

The Fligner-Killeen test only detected non-homogenous variances among treatments in 

week RM+2 (p = 0.028). Using the ANOVA test, the BR had significant differences for each of 
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the three weeks (p = 0.000336, < 0.0001, and < 0.0001, respectively). The separation of damage 

and no damage as well as damage mode can be seen in week RM (Figure 11). All of the ground 

break treatments have higher BR value than the ear break treatments of the same week. All of the 

undamaged treatments that week have a lower BR value that are all approximately the same.  All 

treatments have wider dispersions during week RM+1. Although this occurs, the overall pattern 

of damaged plots having a higher BR compared to undamaged plots remains other than treatment 

4, which had many weed encroachments. The order of treatments in the Tukey’s groupings for 

week RM+1 (Table 16) indicate the untreated plots at the bottom, which could indicate vertical 

plants do indeed have a smaller footprint. 

 

Figure 11. Boxplots of the biomass ratio of all of the treatments of each week. 
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Table 16. Tukey's HSD test group results for the Biomass Ratio. Means are ranked in descending order to keep groups together. 
Different letters represent mean separation. The MSD for each week is listed at the bottom. 

BR RM-1 BR RM BR RM+1 BR RM+2 

Trt Mean Group Trt  Mean Group Trt Mean Group Trt Mean Group 

3 0.819 a 3 0.911 a 5 0.745 a 5 0.840 a 

1 0.788 a 6 0.880 ab 3 0.703 ab 9 0.771 a 

4 0.726 a 5 0.875 ab 6 0.663 abc 6 0.717 a 

10 0.624 a 1 0.798 abc 8 0.657 abc 2 0.709 a 

6 0.605 a 4 0.728 bcd 7 0.624 abc 3 0.673 a 

7 0.603 a 2 0.691 cde 1 0.555 abc 7 0.561 a 

9 0.600 a 9 0.592 de 2 0.506 abc 1 0.528 a 

11 0.521 a 7 0.580 de 9 0.387 abc 8 0.477 a 

8 0.520 a 8 0.550 e 4 0.377 abc 11 0.433 a 

2 0.466 a 11 0.544 e 11 0.352 bc 10 0.409 a 

5 0.447 a 10 0.533 e 10 0.315 c 4 0.392 a 

MSD: 0.398 MSD: 0.179 MSD: 0.379 MSD: 0.756 

 

Tukey’s HSD and Mixed Model Approach Considerations 

Both Tukey’s HSD test and a mixed linear model approach were presented in the above 

sections. These are two separate tests that were examining different aspects of the treatments to 

evaluate the suitability of each metric for use in future work. The Tukey’s HSD test examines all 

possible pairwise differences to evaluate which groups are different from each other based on an 

expected standard error (Tukey, 1949).  One possible downfall of the use of this test in this 

analysis is the large number of pairwise comparisons, which is why the Bonferroni correction 

was applied. This decreased the type one error rate, but does decrease the power of the test which 

is why there may have been so many weeks where the ANOVA suggested there were 

differences, yet the Tukey’s results did not show any.  

The mixed linear model approach was only evaluating certain groups to the other rather 

than all possible combinations, which made it less susceptible to the large number of 

comparisons that the Tukey’s HSD test had. Rather than evaluating all of those combinations, the 

mixed linear model approach is looking for differences in groups that are created by either 
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treatment mode or age of treatment (SAS, 2015). The differences that are found here apply to a 

class of treatments (i.e. all ground treated, all ear treated, or all yet to be treated) and an ANOVA 

test is run to determine if the differences are significant or not. This method blends a lot of the 

variability from individual treatments into smaller groups so that even if the variability is large, 

more data points can help establish a true mean for that group which strengthens the ANOVA 

test. Using the mixed model and Tukey’s HSD together can inform whether the differences that 

are seen are meaningful and can help build a damage model in the future. 

Factors Influencing Damage Detection 

The weather conditions during the flights for RM-1 and RM+2 did not permit a 

continuous six minutes without any clouds blocking the sun from some portion of the field. 

While this may be a problem unique to Coastal Plain regions like eastern North Carolina, it has 

been difficult to find literature that describes similar scenarios or ways to mitigate it. When 

flying a mission in complete cloud cover or complete sun this problem does not arise, but during 

intermittent cloud cover, this can and has become a detrimental problem to accurately calculating 

a DEM and other VIs, however visual inspection was not affected as severely. 

Damaged and undamaged plots have a middle ground that is difficult to capture in the 

box plot, primary ANOVA or Tukey’s HSD analysis alone. That is the plots that were damaged 

on the day of the flight (e.g. treatment six on the RM flight date). The only metric that might be 

expected to immediately respond would be the DEM. This makes sense as the position of the 

plant has changed, but other physiological changes have yet to have time to occur. Other metrics 

that capture reflectance seem to not have the ability to see the difference in top of the leaf and the 

stalk of the plant depending on the stage of the crop this time difference could end up being a 

downfall of predicting the amount of crop damage. When using the mixed linear models 
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approach the age of treatment can be considered and it becomes apparent that there are 

differences among the VIs based on this factor so it will be continue to evaluate moving forward.  

Future Improvements 

There were some issues regarding data collection in this study that need to be revisited in 

the future and questions that arose from this work. Primarily, a complete RGB dataset of all five 

weeks with no shadows is needed to fully evaluate these indices for their ability to detect and 

quantify damage. Although it may be unreasonable to assume that a farmer can collect data with 

no shadows, it may be imperative for this analysis process to work in its most accurate manner. 

The second part would be to follow control plots individually and measure the differences 

between them. This will assess the assumption that all the control plots as well as undamaged 

plots all follow the same reflectance and height trends. Lastly, the reliability of the DEM created 

from RGB imagery needs to be evaluated. The RGB and filtered NIR sensor were the same 

model, with the only difference being an NIR filter on the blue channel. Therefore, the 

differences in the control plot DEM values need to be addressed in more detail so that confidence 

can be built in the RGB sensor’s capabilities when deployed in a non-research setting. 

Although neither the SI nor the BR can fully describe the impact of senescence on 

damage detection, they both show strong possibilities of being a form of indicator variables 

moving forward. In a future study, this same dataset with all of the relative indices and possibly 

SI and BR will be fed into a machine-learning algorithm. At that point the algorithm could use 

the level of senesce or amount of biomass as the indicator as to how important any of the relative 

indices or DEM value is. There could be value in knowing that a lower DEM combined with 

higher biomass ratio indicates more damage. Other analyses can also be run to see if any of these 

variables have strong correlation, which could provide more insight into the damage sustained by 
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the crop. One possible analysis is variable importance. The level of importance can be evaluated 

to see if machine learning models can use variables that are less powerful in this analysis to 

accurately predict the damage state. Since all of the VIs showed some significance at some point, 

with the DEM, relative blue index, and blue green ratio having the most significant test results, 

the next chapter can determine if the machine learning model will also view those as the most 

important variables, or if one of the VIs that has less significant results is more important to 

predicting lodging state. 

Conclusions 

UAS imagery was used to produce VIs to evaluate simulated crop damage. This damage 

was applied to a standing maize crop during the two weeks prior to two weeks after the estimated 

relative maturity date. A visual band RGB sensor was used to collect the data so that produced 

indices would be easily repeatable for many users. Damage could be seen in the field while 

looking at the imagery with the eye, but it was not as easy to detect the damage when looking at 

the reflectance data alone.  

When evaluating crop damage with UAS imagery there are many reflectance indices that 

can be calculated to describe the state of that crop. Through multiple Tukey’s honest significant 

difference tests, none of the individual vegetation indices indicated any reliable significant 

differences that could be used individually to detect crop damage. However, when a mixed linear 

model was calculated for each VI for each week, the differences between treatments and time 

since damage became apparent. Overall the blue green ratio, relative red, relative green, and 

relative blue ratios, as well as the DEM values all showed significant (p<0.05) differences in 

treatments and/or age of treatment which makes them strong candidates moving forward. The 

stage of senescence was also considered important and was captured through a senescence index, 
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which was only capable of detecting differences until the relative maturity of the crop. Once to 

that point a biomass ratio was used to evaluate damage status. The SI was able to show trends, 

but none that were significant. The BR shows the most promise moving forward on how to 

detect damage as well as the different modes. 

There are many stages where some, all, or even none of the VIs can detect a difference in 

the treatment mode; only the DEM was able to significantly describe the differences between 

treatment modes for every week. As data quality decreases the ability to detect the damage 

decreases as well. These degradation factors include, but are not limited to lack of reflectance 

calibration equipment, intermittent cloud cover, or progression of crop through growth stages.  

While all of these VIs were from a RGB sensor, the usefulness of this sensor for crop damage 

detection seems more powerful than the current use it has and could be a more economic solution 

for growers that do not have the financial means to obtain advanced sensors. 
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CHAPTER 3 – Predicting lodging in maize using random forests  

Introduction 

The analysis of crop health has evolved from performing a visual assessment in a field to 

using advanced sensors carried by either ground or aerial vehicles. These sensors measure the 

amount of light reflected by a crop in both visible (Red, Green, and Blue) and invisible (e.g. 

Near Infrared and Infrared) portions of the electromagnetic spectrum. Reflectance values in 

different bands can be combined to create metrics known as vegetation indices (VegIs) which are 

used to evaluate different aspects of plant health and progress. As the use of Uncrewed Aerial 

Systems (UAS) has expanded, VegIs have been captured with finer spatial and temporal 

resolutions (Zhang and Kovacs, 2012). This allows growers to create smaller management zones 

within their fields, providing crops in these zones with accurate and precise amounts of the 

specific supplements or protectants needed to reach their highest yield potential. These tools and 

techniques to leverage imagery or sensor data into crop management have been well defined, but 

similar tools may be able to assist responding to and recovering from severe weather events. 

The southeastern quadrant of the Continental United States (e.g. Mid-Atlantic, South, 

Gulf Coast regions), where many different types of crops are grown, has the unfortunate location 

to be coincident with the landfall of many Atlantic Hurricanes. A factor that further influences 

these events is the storms arrival around typical harvest time. These storms often have prolonged 

duration of intense precipitation and wind. Hurricanes are the primary motivation for this work, 

but that does not mean that other storm events (e.g. severe thunderstorms, straight-line winds, 

tornadoes, etc.) cannot cause similar damage to a standing crop. Any adverse conditions from 

one of these storms can cause lodging in both root or stem lodging modes. Pinthus (1974) 
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defined lodging as any permanent deviation of a stem from vertical. This damage can reduce the 

yield of crop or increase the difficulty of fully harvesting the crop (Nielsen and Coleville, 1988).  

The specific example that will be explored is severe weather related lodging in maize. A 

preliminary study was conducted to evaluate traditional VegIs ability to detect lodging. It was 

determined that lodging is detectable, but the time since damage has occurred is not (Phillips and 

Ward, 2019). As will be discussed later, even with different crop lodging modes expected, the 

natural damage that can occur from a storm is less discrete and not always obvious to what 

degree damage has been sustained. Therefore, there may first be the need to determine if damage 

exists, rather than a true classification of lodging state. After the derecho storm event in Iowa 

during 2020 there was guidance recommending that anything left standing, under 0.508 m (20 in) 

should be considered a fully lost crop (Begemann, 2020). Using a UAS and spectral sensor to 

evaluate a crop not only provides insight into differences within a field, but creates the 

opportunity to compare a crop’s actual progress with what it is predicted to be at given a set of 

inputs and a crop model. Crop models can use a variety of inputs, many of which account for 

weather or soil hydrologic conditions (Kasampalis et al., 2018). A shortcoming of many crop 

models is the difficulty of correctly predicting the crop outcome when something outside of the 

model parameters affect it during the growing season (e.g. lodging) or even more so at the end of 

the growing season when established metrics or VegIs fail.  

There have been models produced that predict lodging risk given its physical 

characteristics such as the stem strength, plant height (i.e. center of gravity), or the wind speed 

(Berry et al., 2006). A further study predicted the yield loss due to lodging as a result of reduced 

photosynthetic activity and found that this was an accurate (R2 = 0.71) method to do so (Berry 
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and Spink, 2012). These and other crop models require many parameters that must be collected 

in the field for many plants, which could be quite time consuming.  

Therefore, when a model is constructed it is important to determine which variables to 

use. It has been shown, that simple visual band imagery can detect lodging severity in maize 

(Chu et al, 2017) and estimate biomass in barley (Bendig et al., 2015). These tasks, which have 

roots in visual assessment by a trained scout, can now be done more efficiently because of UAS 

technology (Théau et al., 2020). However, there are still models that may require many variables 

or variables that have quantities that are more difficult or expensive to collect.  

Of the possible expensive sensors, radiometric thermal imagers are some of the most 

costly; however, they are useful to predict moisture content in maize when equipped on a UAS 

(Santesteban et al. 2016, Ward et al., 2018). Given that these sensors are so expensive 

determining if fewer variables, from cheaper sensors, could come to the same conclusion would 

be extremely beneficial. As with the high cost of radiometric thermal imaging, high dimensional 

data (i.e. data with more variables than observations) can be expensive to collect and 

cumbersome to process. There are applications of high dimensional data (Shi et al., 2018) where 

many of the variables might be useful, but not all are necessary to collect, and some may even 

have other underlying relationships to other variables and develop collinearity issues. These 

issues can happen in cases similar to Hollister et al. (2016) where in-situ data is collected for a 

model, as well as publically available GIS data, although in this example there were still a 

greater number of observations than predictors nor was any collinearity described. However, 

when two separate data sets are sourced for a model, an in-situ data stream could be directly 

correlated to an index that can be calculated from the remotely sensed data. Therefore, it could 
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very well be cheaper for the researcher to only use the remotely sensed data as model inputs to 

decrease model complexity and cost. 

Of the models that have been described thus far, all have underlying principles that guide 

their outcomes whether they are biological, chemical, or physical. However, guidance on crop 

degradation after a lodging event is nearly non-existent with yield loss expectations being the 

focus of literature (Carter and Hudelson, 1988 and Berry and Spink, 2012) rather than detection, 

so those guiding principles (i.e. equations) that other models use are not applicable this research. 

Although the equations are not a viable option for determining lodging state, there are pattern 

recognition algorithms (i.e. machine learning) that can detect how input variables relate to an 

output and learn how to predict the outputs on new input data. There have been deep learning 

models produced (Hamidisepehr et al., 2020) to detect instances of crop lodging, however only 

the instances of lodging were detected, not the mode of lodging so the main focus of this paper 

will be on the random forest machine learning algorithm on which full details can be found in 

Breiman (2001). The random forest utilizes many decision trees and a popular vote to decide 

which output to predict. This modeling approach is capable of handling collinear variables 

(Dormann et al., 2012) fairly well and has variable selection methods that are built from its 

structure (Sanchez-Pinto et al., 2018). These selection methods include Variable Selection Using 

Random Forests (VSURF) (Genuer, et al., 2017) and Boruta (Kursa and Rudnicki, 2010). Both 

evaluate a variables importance to determine if it needs to be in the model, though each have 

different mechanisms of determining importance.  

There is one possible drawback of using a random forest approach and that it is not 

always the best method at handing low dimensional (i.e. more observations that predictors) data 

(Adnan and Islam, 2015) which is what will be used for this study, however it is a common 
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machine learning approach for classification problems so it will be used for this study. This 

research proposes a method of detecting and quantifying the type of lodging mode in maize 

through UAS-acquired RGB imagery using machine learning methods and identifying its 

location through a gridded approach. Therefore, the objectives of this paper are to (1) build a 

random forest model for both two and three class observations, (2) determine which model 

performs better, (3) select the minimum amount of variables for each model, and (4) evaluate 

both models on real hurricane damage data. 

Materials and Methods 

Study Location, Layout, and Design 

This study was located at the Butner Beef Cattle Field Lab in Bahama, NC. A 114 day 

relative maturity (RM) general crop (hybrid AV8714HB) planted on 20 May 2019 was used for 

the experiment.  The layout of the study (Figure 12) had eleven treatment plots with four 

replications. The overall area dimensions were approximately 96 m (315 ft.) wide by 57 m (190 

ft.) long. Each plot was four rows wide on 0.914 m (36 in.) spacing for a width of 3.656 m and 

12.192 m (40 ft.) long. There was a 1.219 m (10 ft.) alley between the back edge of one 

replication and the front of the next.  There were also four rows of corn between each of the 

plots. Five ground control points (GCPs) were surveyed in to a horizontal accuracy of less than 

2.5 cm (1 in.) using a GNSS Antenna with RTK correction. One GCP was placed on each corner 

of the overall area as well as one in the middle of the area. 
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Figure 12. Plot layout of experimental study. The red boxes indicate plots and the triangles are the ground control points.  

 

Treatments were applied in two modes over the course of five weeks with two treatments 

applied each week. Simulated lodging took the form of ground lodging where plants were bent 

over at the root level, or ear lodging where they were broken just below the first ear and bent to 

horizontal with the ground. All damage was inflicted so that plants were bent in the same 

direction to reduce harvest impacts on the crop that was required by the research station. 

Treatment maps for each week can be seen in Figure 13. Each replication had one plot used as an 

untreated control. The control can be identified in the Week 5 treatment map (Figure 13) where it 

is the only plot labeled “None” in each replication. Note that although a plot may have a the 

same treatment in consecutive weeks, once a treatment was applied in the first week that a plot is 

no longer “None”, then no additional treatment is applied to a plot. The entire treatment map is 

in Table 17 with odd treatments being ground breaks, even treatments being ear breaks, and 

eleven as the negative control. 
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Figure 13. Weekly treatment maps illustrating how each treatment was added in a successive week. 

 

Table 17. Plot plan. Even treatments are ear breaks, odd treatments ground breaks, and treatment 11 is the negative control.  

 Plot Number 

Rep 1 2 3 4 5 6 7 8 9 10 11 

1 3 6 4 11 2 8 5 10 9 7 1 

2 6 2 11 9 5 4 10 3 1 7 8 

3 6 3 2 5 7 9 11 1 10 4 8 

4 1 8 5 6 3 2 9 7 10 4 11 

 

Data Collection and Extraction 

UAS imagery was collected using a DJI Zenmuse X5 RGB sensor onboard a DJI Matrice 

600 Pro (Shenzhen, China). The flight altitude was 91.44 m (300 ft.) above ground level (AGL) 

with 80% lateral and longitudinal overlap resulting in a ground sampling distance (GSD) of 2.2 

cm/px (0.866 in/px). Flights occurred immediately following treatment of the plots in each 

respective week. Dates for each flight can be seen in Table 18. Flight dates were approximately 

centered around the relative maturity (RM) of the crop which was 114 days after planting. The 

first flight was conducted approximately two weeks before RM (RM-2) and the last flight was 

conducted two weeks after RM (RM+2). Imagery was processed using the Precision Analytics 

Agriculture Online Software (Precision Hawk, Raleigh, NC, USA).  
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Table 18. Date of treatment applications and UAS data collection flights. 

Week Maturity Date 

1 RM-2 8/27/2019 

2 RM-1 9/03/2019 

3 RM 9/10/2019 

4 RM+1 9/16/2019 

5 RM+2 9/24/2019 

 

Completed orthomosaics were loaded into QGIS 3.8 (QGIS.org, 2019) for data 

extraction. Plot boundaries were drawn by hand due to the topography and slight curve to the 

rows from the first through the last replication. The visual band imagery did not allow for the 

creation of traditional VegIs such as the Normalized Difference Vegetation Index (NDVI) or any 

others that include the near infrared band or other specific wavelengths. Therefore, the blue 

green ratio (equation 1), red green ratio (equation 2), relative blue index (equation 3), relative 

green index (equation 4), and relative red index (equation 5) were all calculated. Although they 

are not traditional VegIs, the following metrics will still be referred to as VegIs for the purpose 

of this paper.  

Each of these was calculated using the Raster Calculator tool within QGIS. The Zonal 

Statistics tool was used to extract statistical information of the raster from within each plot 

boundary, although only the mean plot value was used for the purposes of this study. This was 

repeated for all metrics for each of the five weeks treatments were conducted.  

A digital elevation model (DEM) was also created in the online processing phase. It was 

downloaded in a raster format so it could be easily worked with in a GIS. Another flight was 

conducted when the field had been harvested and tilled and the collected data used to create a 

bare soil DEM. The bare soil DEM was subtracted from the treatment week DEM to create a 
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plant height (PH) map. Numeric data was extracted from this in the same manner previously 

discussed VegIs.  

Lastly, a metric describing the time a plot has been damaged, or the days since damage 

(DSD) will be provided as a model input. This is done to account for the same treatment modes 

being applied during each week and should provide some information on degradation. 

Modeling Approach 

This study proposes the use of  random forest (RF) machine learning classification 

models. RF models combine bagging and bootstrap samples to be used as input data for the 

many decision trees that compose the forest (Breiman, 2001). Once all trees have been built, the 

out of bag (OOB) samples are run through the trees that were not trained with them to get an 

error estimate known as the OOB Error. This error represents the goodness of fit, or 

misclassification rate of the model (Genuer et al., 2017). The RF approach is tuned by changing 

the hyperparameter mtry, which is the number of predictors that are used for data splitting at 

each node. The strength of a RF model for this particular application becomes apparent at the 

data splitting stage because of the approaches ability to deal with collinear variables (Cutler et al. 

2007). The predictors that are used for this classification problem are built from many of the 

same individual variables so there is some collinearity between these variables.  

The models in this study were built and evaluated using the caret package in R (R Core 

Version 3.6.1, R Studio Version 1.2.1335, Vienna, Austria). The modeling approach consisted of 

the following steps: (1) build a model using the caret package (Kuhn, 2008) in R for both the two 

class and three-class response variable, (2) assess the model performance for each of these 

models, and (3) determine the minimal variables needed to maintain accuracy within these 

models. 
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 The first model used three classes to describe the damage mode of each treatment: ear, 

ground, or none. The second model only uses two classes: damaged or undamaged. This binary 

classification model (BCM) was designed to capture damage more broadly than the three-level 

classification model. When a damage event occurs in nature, rather than the experimental setting, 

all of the area of interest does not fall neatly into the three categories that were selected for this 

experiment, thus a binary classification may be easier for a user to evaluate for model validation. 

Model assessment was conducted using K-folds cross validation and Cohen’s kappa 

coefficient, which is a metric that describes how accurate a given model is predicting compared 

to the accuracy over random predictions alone. Five folds were subset where the observations in 

each fold were used as training data, and the observations not in the folds as testing data. The 

kappa coefficient can range from -1 to +1 with any value over 0.60 being considered substantial 

agreement and over 0.80 being almost perfect (Landis and Koch, 1977). However, some argue 

that the current calculation of kappa can allow too much disagreement to be considered 

acceptable and have proposed that an acceptable value is at least 0.80 if not 0.90 (McHugh, 

2012). The kappa coefficient was calculated for the test data set, training data set, and the full 

data set used as predictors for the model based on each cross validation fold.  

Two common variable selection methods were used: VSURF (Genuer et al., 2017) and 

Boruta (Kursa and Rudnicki, 2010). VSURF was originally designed for high dimensional data 

sets. The dataset under investigation in this paper is not high dimensional but the method still has 

value. VSURF ranks the variables in terms of their mean variable importance and then creates a 

threshold for variable retention. The threshold is based on the standard deviation of the variable 

importance where a classification tree would split a node (Breiman et al. 1984, Genuer et al., 

2017). Once the selection process reaches a variable whose importance is below this threshold, it 
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and the remaining variables are removed. The VSURF algorithm is useful in that it contains 

multiple steps: thresholding to find the first set of important variables, interpretation which is a 

subset of variables that can provide insight into the explanatory process of the model, and 

prediction, which are the minimum number of variables needed to predict the outcome. In some 

cases, the number of predictors may not decrease after a given step in which the algorithm does 

not continue. 

The Boruta method is similar to the VSURF in that it uses the random forest approach in 

determining variable importance. However, unlike the VSURF algorithm the Boruta method 

removes variables iteratively through a statistical test (Sanchez-Pinto et al., 2018). Shadow 

variables are added which use permuted values of another true predictor for each true predictor. 

A z-score is computed for each of the classifiers, and a two sided test of equality is run. If a true 

predictor has a z-score that is significantly (p < 0.05) lower than the maximum z-score of the 

shadow variables, it is unimportant and will be dropped, if the z-score is higher the variable is 

important (Kursa and Rudnicki, 2010). This process is repeated until all remaining predictors are 

deemed important, a minimum of 10 times.  

Real World Application 

Hurricane Isaias came through the coastal plain of North Carolina on the night of August 

2, 2020 which damaged, among other fields, a county-level variety trial in Beaufort County, NC. 

On August 6, 2020 we were able to fly over this study to collect imagery to use to test the 

models being built in our study.  

This data collection utilized a MicaSense Altum (Seattle, WA) which collects calibrated 

reflectance data in the red, green, blue, red edge, near infrared, and long wave infrared or thermal 

band regions. Although all of these bands were available for analysis, the VegIs described in the 
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previous section will be constructed with only the red, green, and blue bands. The flight altitude 

was 80 m (262.5 ft.) which yielded a ground sampling distance of 3.6 cm/px (1.42 in. /px). Five 

ground control points were again surveyed to within 2.5 cm (1 in.). A total of 200 images were 

captured with lateral and longitudinal overlap set to 80%. Imagery was uploaded to the cloud 

analytics platform Solvi (Gothenburg, Sweden) where the orthomosaic and DEM were produced. 

Vegetation Index computation and all other analysis were again conducted in QGIS 3.8 and 

modeling application was conducted in RStudio 3.6.  

Through the grid creation tool in QGIS, cells were placed over the entire area of interest, 

each with a cell size of 100 by 100 pixels or 3.6 m (11.8 ft.) by 3.6 m with an area of 12.96 m2 

(139.24 ft.2). The grid was sized to try to obtain uniform samples, when performing manual 

damage mode classification. In QGIS only cells that were within a bounding box drawn around 

the crop region were kept so no cells without full crop presence would be evaluated. Next cells 

that contained ear damage and cells that contained ground damage were extracted separately into 

their own shapefiles. A point shapefile was drawn with points centered into cells that contained 

ear damage or ground damage for the respective shapefile.  The cell identification numbers were 

then used to identify observations in RStudio so comparisons could be made. The attribute tables 

from the two shapefiles were joined in RStudio and redefined to be fully damaged to test the 

model. The comparisons between predicted damage and manually classified damage were 

captured in a confusion matrix, which the R function also provides an accuracy value as well as a 

kappa coefficient.  
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Results and Discussion 

Model Building and Evaluation 

The three class model was tested with three hyperparameter values. Table 19 contains the 

accuracy, kappa coefficient and value of the hyperparameter, mtry for the three model building 

runs from experimental data. The model that was selected for the final model was run 2 which 

had the highest accuracy and kappa coefficient (Table 19). The confusion matrix for this final 

model output is contained in Table 20. The class error for the ear and ground treatment modes 

are more than an order of magnitude higher than for the no damage class. This supports the idea 

that damage will be very distinguishable from no damage, thus have a high prediction accuracy, 

where as the differences between the two damage modes will not have enough differences 

between them to have as high of a prediction accuracy. This was also the case when evaluating a 

real damage event. Using the naked eye to distinguish between a damaged zone and a non-

damaged zone was not difficult, however determining the level of damage, ground or ear 

lodging, was nearly impossible. This is why the second model is built having only a binary 

classification. Even when evaluating the experimental results, to try to distinguish between 

ground and ear damage within the treatment zones without the plot map was sometimes difficult.  

Table 19. Accuracy, Kappa, and mtry values for the three class model evaluation. T he second run with mtry equal to four is going 
to be used for the final model. 

Model Run Accuracy Kappa Mtry 

1 0.918 0.872 2 

2 0.923 0.880 4 

3 0.905 0.851 7 
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Table 20. Confusion matrix for the best  (highest accuracy) three class model run which had the highest accuracy. 

 
Ear Ground None Class Error 

Ear 52 3 5 0.133 

Ground 8 51 1 0.15 

None 0 1 99 0.01 

 

The binary class model was tested similarly to the three-class model with the same 

hyperparameter values. However, the model run with mtry set to two rather than four was chosen 

as the final model. The runs with mtry values of two and four resulted in identical accuracy and 

kappa coefficient values so the smaller value of mtry is used as the smallest value for this 

hyperparameter generally has the lowest error rate (Table 21). The accuracy and kappa 

coefficient values increased by approximately the same amount for all runs in the binary model 

compared to the three class model. This value represents that the binary model performed four 

percent more accurately than the three-class model. When evaluating the confusion matrix for 

the binary model (Table 22), the undamaged category has the same class error rate as the three-

class model; however, the damage class error rate is much lower which is likely due to the two 

damage classes being combined into one. Another way to evaluate the two models is determining 

how the three class model detects damage if the ear and ground classes are combined. That is, 

the binary model only made incorrect predictions in six out of the 220 predictions where the 

three-class model incorrectly predicted 18 out of the 220. However, if only the presence of 

damage is counted as a missed prediction in the three-class model, then it made only seven 

incorrect predictions. Six of these detected damage where there was none (i.e. false positive), and 

one plot was identified as having no damage when there was (i.e. false negative). The prediction 

of damage state seems to be nearly identical for these two models even though the three-class 

model has a higher error rate. That is, if the three-class results are only used to predict the 
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presence of damage, the results are only different by one plot. The error metrics do not evaluate 

the models in this mode, so neither will we, it was only used to demonstrate model differences.    

Table 21. Accuracy, Kappa, and mtry values for the three class model evaluation. The first fun with mtry equal to two is going to 
be used for the final model. 

Model Run Accuracy Kappa mtry 

1 0.964 0.927 2 

2 0.964 0.927 4 

3 0.950 0.900 7 

 

Table 22. Confusion matrix for the best  (highest accuracy, lowest mtry value) binary class model run which had the highest 
accuracy and lowest mtry value. 

 
Damaged Undamaged Class Error 

Damaged 115 5 0.042 

Undamaged 1 99 0.01 

 

Outside of the accuracy and kappa coefficient metrics, the other method of error 

measurement is the OOB error. This represents the misclassification rate as a whole for the 

model. These values are derived from sending observations through a tree for which the 

observation was not involved in training. This occurred during the bagging processes and is a 

strong measure of single model performance. The three-class model had an OOB error rate of 

8.18% while the binary model had an OOB error rate of 2.73%. So the three class model 

misclassified 18 observations and the binary model misclassified 6 observations of the 220 that 

were used. 

Combining all of these results suggests that the binary classification performs better. It is 

important to distinguish that this model selection process was not one of determining the proper 

model structure or selecting the proper predictor variables (Hollister et al., 2016), but changing 

the number of output classes to simplify what is being detected in non-experimental data. This 
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should become more apparent in the later section when the models are applied to real world 

damage data. 

K-Folds Cross Validation 

The two models that have been built perform well overall (kappa > 0.8 for all model 

runs). However, it was still important to validate the model performance to ensure that they are 

not being overly influenced due to any excess variance and being overfit. The k-folds cross 

validation procedure was run with five folds and the same indices for the hold out sets for both 

models. This was done to have the most direct comparison of the models. The kappa coefficient 

for each fold and model run on the testing data is provided in Table 23. The kappa coefficient 

value for fold two of the three class model and folds three and four of the binary model are all at 

1 which indicates perfect agreement. This might indicate that the model was over fit for that 

particular training set. However, when reviewing the total number of incorrect predictions (18 

for the three class, 6 for the binary) it is not completely out of the question that none of the 

observations that were incorrectly identified would be left out of a single fold all together. That 

is, for each of the folds (n = 44), if none of the 6 incorrectly predicted observations were in either 

fold three or four, is not highly unlikely. When evaluating the average kappa coefficient for the 

two models, the binary model has a value that is only slightly higher than the three-class model 

and both are in the highest range possible set by Landis and Koch (1977), but with the tighter 

regions set by McHugh (2012) the binary model does fit into the highest category. Therefore, 

neither model seems to be outperforming the other at this step. 
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Table 23. Kappa coefficients for the model when run with the hold out set for the given fold. Average value is given for the five 
folds of a given model. 

Fold Three-Class Binary 

1 0.787097 0.771784 

2 1 0.908903 

3 0.930654 1 

4 0.856209 1 

5 0.859313 0.863636 

Average 0.886655 0.908865 

 

Variable Selection 

Although the binary classification model seemed to perform better compared to the three-

class model, both had kappa coefficients in the “nearly perfect” category of 0.8 – 1.0 (Landis and 

Koch, 1977). Neither models seem to jump out more during the k-folds cross validation 

procedure so both were evaluated to determine which variables need to be provided for the 

model to perform accurately.  

VSURF 

The VSURF function provided the opportunity to choose the value of mtry. The best 

model from the modeling building section had an mtry value of four so that is where it was set 

for this process. The threshold of the standard deviation of variable importance for the three-

class model was 0.000959 which is represented by the dashed horizontal line in the top right plot 

of Figure 14.  This value is found by the minimum of the solid line piecewise function which is a 

binary classification tree for the same values from a different method (Genuer et al., 2017). All 

of the variables whose importance standard deviation is higher than the threshold are kept for the 

interpretation stage, others are discarded. In this case, the relative green band does not have a 

large enough variable importance standard deviation to remain for the interpretation stage. The 

process is repeated for the prediction stage, however no other variables were discarded, meaning 
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that of the seven original predictors, all but relative green are important to the model for both 

interpreting the model (i.e. why an observation is assigned a class) and predicting the output (i.e. 

which class the observation is assigned).  

 

Figure 14. Variable Selection Using Random Forests plot output for the three class model. For each of the predictors: Variable 

importance mean (Top left), Variable Importance standard deviation (top right), Out-of-bag (OOB) error for interpretation 
(bottom left), OOB error for prediction (bottom right). 

 
For the binary model, mtry was set to two as that was what was found in the previous 

section to be best. The difference to note between these two models is that the ranking of 

variable importance is different. The days since damage (DSD) becomes more important than the 

relative red index; the relative green ratio and BGR switch rankings; and the relative green ratio  

has a higher variable importance standard deviation than the two variables that it is between. The 

binary model VSURF plots (Figure 15) better illustrate what occurs during the interpretation 

step. The red vertical line in the bottom left plot of Figure 15 becomes the cutoff for variables to 
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be included further into the predictive step. Where the relative green ratio was below the 

threshold and was therefore removed in the three-class model, its variable importance standard 

deviation is above the threshold in the binary model (0.00137), however it is removed from 

consideration when evaluating the OOB error to get the important variables for interpretation. 

 

Figure 15. Variable Selection Using Random Forests plot output for the binary model. For each of the predictors: Variable 

importance mean (Top left), Variable Importance standard deviation (top right), Out-of-bag (OOB) error for interpretation 
(bottom left), OOB error for prediction (bottom right). 

 

What these two procedures describe is that for the interpreting the model and in this case 

just predicting the damage class the binary model needs the PH, DSD, r, and RG as inputs, while 

the three-class model needs these as well as the b and BG variables. The need for the relative 

blue index and blue green ratio for the three-class model relates to the previous chapter where 

these two variables were significant in almost every test and week. Therefore, the fact they are 

needed for the three-class model shows that the significance they had earlier is important. 

However, the relative red index was one of the least significant VegIs in the previous chapter, yet 



   

72 
 

is one of the most important variables according to this procedure for both models. This shows 

that just because it was not significant does not indicate that the variable is unimportant and calls 

for further investigation. 

Boruta 

The Boruta procedure is different from VSURF both in that it is an iterative procedure 

and a statistical test (two-sided Z test) determines whether a variable is kept or not. The 

statistical approach, rather than an algorithm is why it is also being tested in this paper. Although 

this test provided opportunity to have a more thorough understanding of all of the variables, for 

both models all of the variables were confirmed to be important. This means that when the Z-

scores were computed for each observation of each variable, that none were less than the 

maximum Z-scores of any of the shadow variables. The three-class  and binary model Boruta 

importance values (Z-scores) are provided in Tables 24 and 25, respectively. Using these it is 

apparent that no Z-score for a true variable is ever below the maximum Z-score of the shadow 

variables for any iteration.  

Table 24. Boruta importance values for the three class model. Max, Mean, and Min represent the respective value out of all of the 
shadow variables for the given iteration. 

Iteration PH r g b RG BG DSD Max Mean Min 

1 41.82 23.32 17.22 24.22 21.04 18.13 24.31 4.63 0.76 -2.30 

2 42.10 23.92 17.43 23.98 21.46 19.76 24.31 1.96 1.02 -0.78 

3 40.47 24.17 19.18 22.73 21.47 17.93 25.72 0.09 -0.81 -2.35 

4 43.01 23.31 18.47 23.35 21.39 18.40 25.77 1.58 0.30 -1.24 

5 38.47 23.59 17.68 22.55 20.43 17.57 25.34 1.15 -0.12 -1.67 

6 39.69 23.86 17.75 25.28 20.68 17.72 25.93 1.67 -0.63 -1.86 

7 41.91 23.90 17.88 24.04 21.03 18.36 24.73 3.22 0.26 -1.40 

8 39.17 23.72 18.82 24.14 20.77 18.93 23.93 0.37 -1.30 -4.39 

9 42.03 21.77 17.90 23.62 20.91 18.56 25.46 3.66 0.17 -2.41 

10 42.27 22.69 17.28 24.79 20.49 19.30 25.14 0.18 -0.80 -1.91 
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Table 25. Boruta importance values for the binary classification model. Max, Mean, and Min represent the respective value out of 
all of the shadow variables for the given iteration. 

Iteration PH r g b RG BG DSD Max Mean Min 

1 37.49 20.39 13.89 20.02 16.73 13.73 24.51 3.21 0.03 -1.80 

2 35.14 20.82 14.72 20.28 15.73 14.68 26.01 1.89 -0.13 -3.11 

3 32.26 20.59 14.55 21.98 16.07 13.35 26.94 0.98 -1.23 -2.99 

4 32.74 20.63 14.29 21.85 15.71 13.41 25.89 1.46 -0.42 -1.99 

5 33.63 21.29 12.84 20.04 16.04 13.40 24.53 2.70 0.20 -2.15 

6 32.33 21.00 12.35 20.73 15.87 13.70 26.57 4.36 0.66 -2.41 

7 33.61 19.90 14.55 20.23 16.72 13.35 26.62 2.75 0.65 -2.59 

8 34.65 21.41 14.06 21.18 14.85 14.01 25.66 4.11 0.21 -1.25 

9 33.35 20.10 13.26 20.20 16.12 14.40 26.31 0.97 -0.78 -2.75 

10 33.69 19.30 14.56 21.00 16.67 12.32 26.15 2.79 -0.13 -3.60 

 

The confirmation of importance of all variables by the Boruta procedure is not what was 

expected after viewing the VSURF results. Both of these methods are random forest based 

procedures that seem to perform better in large data sets, which is not what was evaluated for this 

paper (Sanchez-Pinto et al., 2018). However, VSURF is only comparing the already known 

variables to each other, while the Boruta procedure is comparing the known variables to shadow 

variables. VSURF uses a sum of error differences with permuted data to create an importance 

score (Genuer et al., 2017), whereas Boruta creates a Z-score from the average loss divided by its 

standard deviation and compares it only if the real Z-score is smaller than a shadow Z-score. 

This doesn’t necessarily mean that the known variables have a better chance of remaining using 

the Boruta procedure, but it does raise the question is the Boruta method too conservative, or the 

VSURF procedure to aggressive. This was addressed in Shi et al. (2018) where it was found that 

both procedures are too conservative and fail to allow enough variables in both classification and 

regression analyses, although that was a much higher dimensional data set. With these results it 

seems that all of original model variables contribute to the outcome in an important way. 

Therefore, with such a small number of predictors, it may be advantageous to keep all variables. 
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Real World Damage Analysis 

The damage that occurred from Hurricane Isaias was evaluated using four approaches: 

three-class model with all variables, binary model with all variables, three-class model with the 

minimal six variables, and the binary model with minimum of four variables. These four 

approaches should provide robust comparison of how the models perform under different 

circumstances and provide guidance on which approach to use moving forward. Although the 

three-class model with all variables was the original goal when building this project, when 

viewing the real damage data it became clear and necessary to test the binary classification as 

well. This was the first observation from actual damage; there were not distinct damage classes 

as there had been in the experimental design. When viewing UAS imagery from the 

experimental data there were occasions where it was difficult to distinguish between ground and 

ear modes, or an ear damage and no damage, but that difficultly became more pronounced when 

viewing the imagery for the real data. Not having distinct classes was a problem for the three-

class model, but that was not the largest obstacle for it. The damage from Hurricane Isaias 

caused very little true ground lodging in the same manner that had been applied in the 

experimental design. This imposed subjectivity into the classification process, but also created 

fewer opportunities for a ground classification to be correct. Training data from the experimental 

study and the application of this model on real data provided yet another challenge. The model 

was applied to a crop that was approximately 6 weeks out from its maturity, while all of the 

training data were from two weeks before to two weeks after the relative maturity date. These are 

all of the circumstances that should be taken into consideration while evaluating the following 

model results. 
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The first model evaluated was the three-class, all-variable model. During the building 

stage, this model performed slightly worse than the binary model, in this four approach 

comparison, it was the worst performing model again. The lowest accuracy (0.8904) is within 

two percent of the highest accuracy (0.908) model (Tables 26 & 29) so it was not correct to say 

that any of these models performed poorly when evaluating the accuracy values alone. However, 

when evaluating the kappa coefficient values it becomes apparent that all of the models fall into 

the “fair” category proposed by Landis and Koch (1977) or “minimal” category proposed by 

McHugh (2012). What this low value of kappa represents is that although the accuracy was 

extremely high, the correct predictions were not necessarily made due to the model having strong 

predictive power, but that there was a high chance that certain predictions were made at the 

given frequency by random chance. There were 2501 cells evaluated for lodging state for each of 

the four modeling approaches, out of these there were 226 cells manually classified as ear 

lodging and 30 classified as ground lodging so this data set was extremely unbalanced. 

Therefore, even if the model only predicts a few ground or ear classifications wrong, but still 

detects the damage, the overall accuracy for the model will be high, even though it was not 

necessarily a correct prediction. The extremely large number of undamaged cells contributed to 

the large amount of correctly predicted cells in that category, which drove the accuracy higher 

than it likely would have been with a more balanced dataset.  

Table 26. Confusion Matrix for the three-class, all variable model. Accuracy and Kappa Coefficient values are also provided.  

Prediction Ear Ground None 

Ear 21 5 9 

Ground 40 20 50 

None 165 5 2186 

Accuracy: 0.890 

Kappa 0.282 
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Table 27. Confusion Matrix for the binary classification,, all variable model. Accuracy and Kappa Coefficient values are also 
provided. 

Prediction Damaged Undamaged 

Damaged 76 180 

Undamaged 56 2189 

Accuracy: 0.906 

Kappa: 0.346 

 

Table 28. Confusion Matrix for the three-class, minimum (six) variable model. Accuracy and Kappa Coefficient values are also 
provided. 

Prediction Ear Ground None 

Ear 41 9 176 

Ground 16 8 6 

None 41 9 2195 

Accuracy: 0.8972 

Kappa: 0.2824 

 

Table 29. Confusion Matrix for the binary class, minimum (four) variable model. Accuracy and Kappa Coefficient values are 
also provided. 

Prediction Damaged Undamaged 

Damaged 79 177 

Undamaged 53 2192 

Accuracy: 0.908 

Kappa: 0.3628 

 

What all of these models combined show is that the number of  classes or variables in the 

model does not greatly change model performance. Hamidisepehr et al. (2020) evaluated 

multiple deep learning approaches and found that two (RetinaNet and YOLOv2) of the three 

(Faster R-CNN) perform similarly (filtered average precision between 85 and 90 %) and were 

capable of identifying damage in corn. Chu et al. (2017) used a gridded approach along a row 

that detected lodging at an acceptable rate (R2 = 0.48). What these studies differ on is the use of 

3D processing and data use. Hamidisepehr et al. (2020) only use 2D image data, while Chu et al. 

(2017) primarily use 3D point cloud data, only using the 2D image for grid creation along the 
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row. This work utilized both 2D and 3D data products, leveraged the pattern recognition ability 

of random forests, and applied these in a gridded approach that can be expanded. The grid in Chu 

et al. (2017) was limited to the width of a single row, however, the grid in this work could be 

expanded to the working width of a header to make estimates on damage severity that can be 

evaluated on a field scale through yield data. 

However, before this applied in an on-farm setting, either more damage, or less 

undamaged grid cells need to be used for model evaluation. This can be accomplished on the 

same dataset or more real world datasets with the same four models, where differences in these 

data could better inform which model may perform better on early or late season lodging, or full 

sun or overcast conditions. The imbalance that was present in this study was representative of 

what was observed in the field and likely will be observed in other real-world settings, so this 

model needs to work in these scenarios, but the authors recognize that balanced data is important 

for model evaluation and training. 

Overall Differences and Causes for them 

While some considerations for model shortcomings were described in the previous 

section, there are a few more that need to be addressed in a different manner. First is the 

consideration that the overall datasets were different and therefore could have had different 

underlying patterns. The plants being much younger in the real damage likely caused the mean 

plant height to be nearly 0.75 m (2.46 ft) higher than the experimental data mean plant height 

(Tables 30 and 31). This difference alone could explain why there were very few ground 

predictions and many none predictions. Both VSURF and Boruta considered the plant height 

most important, therefore, if the values are already substantially higher, than that could be a 

major reason the predictions leaned heavily toward no damage. Next, not only does the red green 
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ratio seems substantially different, but also the ratio went from indicating more red than green 

being reflected with the experimental data (Table 30) to more green than red in the read damage 

data (Table 31). With more green present, it is also noted that the blue green ratio is lower for the 

real damage data than the experimental data and that green takes up more of the total RGB 

reflectance at 47.3 % for the real data compared to 32.2% for the experimental. The relative 

green ratio was considered unimportant by VSURF and had some of the consistently lowest 

importance values for Boruta, so to have the differences of its value between the two data sets 

become explanatory will warrant further investigation. 

Table 30. Experimental data descriptive statistics. 

 
PH r g b RG BG 

Mean 1.179 0.410 0.322 0.268 1.314 0.843 

SD 0.5932 0.0262 0.0223 0.00987 0.201 0.0613 

 

Table 31. Real damage event descriptive statistics. 

 
PH r g b RG BG 

Mean 1.935 0.2339 0.4733 0.2928 0.5182 0.6406 

SD 0.329 0.025 0.035 0.016 0.0995 0.100 

 

Next is that the data were collected from different sensors and at different altitudes. 

Although this should not change the quality of data that is captured, the change in ground 

sampling distance could affect the averaging of reflectance into a pixel. This could be 

exacerbated by the age of the plant. The experimental data were collected with much older plants 

so the canopy was less thick and overlapping, whereas the real damage data crop was younger 

and had a fuller canopy that could have been covering more soil pixels which wouldn’t allow 

them to skew the reflectance data. 

Evaluating these difference it becomes apparent that the model was pushed outside of the 

training scope, similar to a linear extrapolation outside of a range. Using extremely unbalanced 
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data to push may have caused some of the lower kappa values with high accuracy, however, with 

hurricanes if the model is able to detect any damage, or at least damage that constitutes an 

indemnity payment from a hurricane, then it has performed as needed. 

Conclusions 

When crop lodging occurs from a severe weather event such as a hurricane, there can be 

major damage to a crop that is still standing. The task of evaluating this damage has traditionally 

been conducted from the ground and by a visual inspection of a field. Although there is a certain 

degree of damage present, the rating is still subjective and can vary by the person completing the 

task. The use of UAS visual band imagery has been shown to be capable of detecting crop 

damage due to lodging, however, there was still no accurate method to describe the mode of 

lodging in the crop or what influences the state of the crop after lodging.  A machine learning 

approach was used to predict crop lodging state. A random forest model was built and evaluated 

for both a three-class and a binary class model. Both models had high accuracy (> 0.9) and 

highly agreeable kappa coefficients ( > 0.8) when tested under various values of the tuning 

parameter. K-folds cross validation confirmed that the models were not biased or overfit and 

variable selection continued. Two variable selection methods computed variable importance and 

selected the highest performing variables each based off different criteria. The VSURF method 

kept fewer variables while the Boruta method retained all variables as important. Finally, the 

three-class and binary classification models, both with all and their respective minimal variables, 

were each tested on data from a real damage event. All of models performed accurately (≈ 90%), 

however, the kappa coefficients (≈ 0.28 - 0.36) determined that much of the agreement only 

happened by chance. The real damage event had much more undamaged area than the training 

data, the crop was much younger, and a different sensor and flight altitude contributed to a lower 
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GSD. All of this combined to determine that the random forest modeling approach can work to 

detect as well as classify damage after a storm event. However, a training set with a younger 

crop, more diverse damage classes, and from a variety of flight altitudes is likely needed to 

increase the prediction power of the model for it to be used in a wide-scale storm response 

setting. 
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CHAPTER 4 - Conclusions 

Introduction 

Crop lodging due to severe weather events can cause tremendous yield losses of up to 

60% (Berry et al. 2006).  Many times these storms occur during a crop stage close to the relative 

maturity or once the plant has reached senescence and there is little that can be done to recover 

the crop. Slowing combine harvest speed, or manually picking are methods that could be 

implemented to attempt to recover as much of a crop as possible. Late stage is not the only time 

crops are susceptible to lodging though. Early season storm events such as thunderstorms, 

tornadoes, or severe straight line winds can damage a crop to an unrecoverable point. During the 

2020 growing season, a straight line wind event known as a Derecho moved through many 

portions of Iowa and damaged nearly ten million acres of corn and soybeans (Cappucci, 2020). 

Once the initial evaluation was made, a recommendation to growers was that any crop that was 

under 0.508 m (20 in) was unrecoverable and should have an insurance claim filed (Begemann, 

2020) for a total loss. The evaluation of this damage when above this height threshold is what 

becomes difficult and time consuming for insurance adjusters. When a crop, such as corn, has 

some height remaining, is bent rather than snapped, or still has an ear attached can all sway an 

adjuster on how to rate a loss. This thesis proposed a method to objectively evaluate the damage 

a crop has sustained after a storm event.  

Many producers are adopting the Uncrewed Aerial Systems (UAS) to monitor crop fields 

and inform management decisions. There are many known uses for UAS in monitoring plant 

water status (Santesteban, 2016), nutrient deficiency (Severtson et al., 2016), and recently animal 

damage (Kuželka, 2018). With the prevalence of UAS, especially user-friendly and simple 

platforms such as a DJI Phantom (DJI, Shenzhen, China), many growers can benefit from a 
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method to quickly assess a field after a storm to determine if an insurance claim should be filed. 

The insurance company could then either use the imagery collected by the grower, or collect 

their own independent data, to detect and quantify areas of crop damage to make the most 

accurate indemnity payment possible. This thesis has demonstrated the ability to use only visual 

band (i.e. RGB) imagery and a easily derived data product known as a digital elevation model 

(DEM) to detect and quantify areas of crop damage. The ability to use the simple sensor for most 

of the metrics will allow greater access to this technology. Advanced sensors (e.g. thermal, 

multispectral, hyperspectral) are also used on UAS, but come at a much higher cost and require 

complex processing to render a useful data product. One caveat to using the DEM is that some 

processing is required, however, it can normally be generated by any cloud processing service 

that a grower may already be using for orthomosaic creation. 

Technical Details 

Chapter 2 

The second chapter of this thesis described the analysis of several metrics that were 

derived from RGB imagery as well as a digital elevation model and what the usefulness of each 

was to detect differences in lodging mode over an experimental corn field. The analysis 

consisted of testing for differences between treatments using an ANOVA model, a Tukey’s 

Honest Significant Difference Post-Hoc test if differences were detected, as well as testing a 

separate mixed linear model to determine if the mode of treatment was different or if the age of 

the treatment influenced the detection of damage. The damage was applied as a ground lodge and 

a stalk lodge at each week of the experiment starting two weeks before the estimated relative 

maturity (RM-2) to two weeks after the estimated relative maturity (RM+2). Over the course of 

five weeks, ten treatments were applied with one additional set of plots being used as a negative 
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control. Although the experiment was conducted over 5 weeks, the analysis was only conducted 

for the middle three weeks (RM-1, RM, RM+1) due to shadows in the UAS imagery degrading 

data quality in the other two weeks.  

The visual band imagery posed a challenge that these are not well established vegetation 

indices that are captured from it. Therefore, the amount of relative reflectance from each of the 

three bands was captured and used as one of the metrics used in damage detection. The five 

metrics extracted from the RGB imagery were the relative red index, relative green index, 

relative blue index, blue green ratio, and red green ratio. The red green and blue green ratios 

have been used in by authors in the past (Marchant et al., 2001, Bürling, et al., 2011), and the 

idea of a relative ratio was introduced using an NIR sensor (Flowers et al., 2001), however are 

not widely used. The DEM was created through image processing and used to estimate the plant 

height for each plot. The use of DEM for estimating plant height and detecting damage was 

demonstrated by Chu et al. (2017). This metric was hypothesized to be the most direct measure 

of crop damage when an undamaged crop was available for comparison.  

It was determined that each of the metrics were able to detect differences in treatments in 

at least one week of the experiment. The blue green ratio, red green ratio, relative blue index and 

the DEM were able to detect a significant (p < 0.05) difference in at least one treatment across all 

weeks. The relative green index was only able to detect a significant difference in weeks RM-1 

and RM while the relative red index was only able to detect differences in weeks RM and RM+1. 

The week of estimated relative maturity is the only to have significant differences detected 

across all metrics. The crop was in transitioning from a green vegetative state to turning brown 

and drying down in senescence. . The lack of green plant material past week RM is likely why 

the relative green index does not detect any differences in that time. In a similar regard, the full 
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greenness in weeks prior to RM is likely why the relative red index did not detect significant 

differences. The age of treatment and treatment mode detection were able to be detected in some 

weeks and metrics and not in others. Although the mixed model with age of treatment as an input 

did not produce many meaningful results, it does point to the fact that the age of the treatment 

could be an important factor for the machine learning model in the next chapter.  

A standalone product was derived from the RGB imagery to determine senescence stage 

and amount of biomass. These were created in a GIS and used a support vector machine 

supervised classification algorithm that was trained on imagery to classify areas as certain 

colored crops. The crop ratio colors were determined from Makanza et al. (2018) and helped 

describe the senescence stage. The index quickly became saturated and did not provide any 

useful information past the week of relative maturity. Thus, a biomass ratio was calculated to 

determine the amount of plant material visible within a plot. It was hypothesized that an 

undamaged plant would be vertical and have a smaller footprint, taking up less of the total pixels 

within a plot. However, once a plant was damaged, it would occupy more area and be seen in 

more pixels. This ended up being true and the biomass ratio was able to detect differences in the 

treatments during the three weeks of the analysis.  

Through visual inspection of any of the UAS imagery, a user could identify damage 

zones, however, determining the level of damage within a zone still proved to be difficult, that is 

ground lodging compared to stalk lodging. This did not satisfy the need that the goal of the 

chapter set and it became apparent that more metrics were needed. Six of the proposed seven 

metrics were able to detect differences in the treatments applied during the experimental study. 

These metrics will be carried into the next chapter as inputs for a machine learning model to 

predict damage state. 
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Chapter 3 

The third chapter of this thesis described the implementation of the metrics from Chapter 

2 used as independent variable inputs into a machine learning model. Two models were 

constructed differing by the output classification of damage state. The first model contained three 

damage categories which were the experimental levels of ground lodging, ear lodging, and no 

lodging. The second model only contained two output states which were the presence or absence 

of damage. The model was applied to analyze a real world damage event caused by Hurricane 

Isaias in Beaufort County, NC. The models produced evaluate damaged extracted from an 

applied grid to the field of interest.  

The two models initially built were compared using their accuracy and Cohen’s kappa 

coefficient using different values of the model tuning hyperparameter mtry. This value is the 

number of variables that are used for data splitting in the random forest decision trees. The value 

that produced the highest accuracy and kappa coefficient for each model was used. This resulted 

in the three class model using an mtry value of 4 and the binary classification using an mtry 

value of 2. These models were tested with the respective hyperparameter values through a five-

fold cross validation procedure. This ensured that there was no excess bias in the models. The 

average kappa coefficient for the three class model was 0.887 and 0.909 for the binary 

classification model. These values indicate the model predictions agree very highly with the true 

classification. 

The chapter next describes the variable selection processes. Two processes were used that 

both use a random forest approach to test which variables are important, although the selection 

methods are different. The first method, Variable Selection Using Random Forests (VSURF) 

evaluates the standard deviation of the variable importance measures, and uses a threshold that is 
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determined by a classification and regression tree to keep any variables that are above that have 

variable importance standard deviations above that threshold. It repeats this process to create a 

model for interpretation, and one for prediction, although it will not complete the next step if the 

previous did not remove any additional variables. This method removed the relative green index 

at the first step and did not remove any more for the three class model. The binary model had the 

relative blue index, relative green index, and the blue green ratio removed.  

The Boruta method implements variable importance selection by creating shadow (i.e. 

not real) variables that are permuted values of all of the real variables. Therefore for the seven 

variables, seven shadow variables were created with each using permuted values of one of the 

original variables. The variable importance is calculated as a Z-score and if any of the real 

variables have a Z-score lower than the maximum of the shadow variables, a two-sided test of 

equality will be conducted to see if the shadow variable has an importance that is significantly 

higher than the real variable. If that is the case, the variable tested, as well as any variables with 

lower Z-scores will be dropped. This method though did not remove any variables so all were 

kept in the model as important. Given that this model only had seven input variables to begin 

with, it is not unrealistic that all are needed to accurately describe crop lodging state. Even if all 

variables are important, seven variables will not be too intensive for most computers to handle, 

and should be easily collected. 

The four models were tested on the real damage that was observed from Hurricane Isaias. 

All four of the models (both classifications with full and reduced variables) were accurate (89% - 

90%), however the agreement between the predicted classes and true classes were barely better 

than random chance (kappa = 0.28- 0..36). The reason that the accuracy is high with low 

predictive power (i.e. low kappa coefficient) is that there were a large number of grid cells used 
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in the real world damage analysis (n = 2501). These grid cells were fairly small (3.6 m squares) 

so there were many of them in the area of interest and most (89.7%) were true classifications of 

no damage. This extremely unbalanced situation is why just a few of the cells could be 

incorrectly predicted but the accuracy would be high due to the large number of correctly 

predicted undamaged cells. This is not completely unexpected with other real world data. There 

are certainly instances where an entire field is flattened, but there are others where there are areas 

of no damage and other areas of varying damage levels. The other observation from the real 

world data was that it became difficult to distinguish between ear lodging and ground lodging 

only using the UAS imagery. If an observer on the ground could go to every grid then the correct 

damage state could likely be identified, however, this would defeat the purpose of this work. The 

model needs to be tested on a data set that has more balanced data. This can be accomplished 

through decreasing the number of cells in the Isaias damage, or finding a new dataset, however, 

this still needs to occur before a full-scale deployment of this modeling approach can occur.  

Ways to implement 

The model in its current form accepts tabular data, rather than imagery. This is the primary 

reason for creating the gridded approach that was used. There are a few ways to continue using it 

in that fashion, but another method will be proposed. 

Online Extension Service 

There are many methods for UAS imagery to be processed online many of which are 

cloud based. This model aims to help the producers of the state, particularly when a widespread 

(i.e. many impacted producers) severe weather event has occurred. An efficient method to host 

this model would be creating a web application through ESRI (ESRI, Redlands, CA) where users 

could upload their UAS imagery, and click a button to automatically apply a grid. The size of the 



   

91 
 

grid would be a value selected by the user, likely either a standard value of 1 m or 10 m squares, 

but also create the opportunity for growers to set it to the working width of their combine header. 

Doing this would allow producers to map yield from their yield monitors and compare the 

damaged zones to the undamaged zones if they did not file for an insurance claim. The WebApp 

could calculate all of the necessary metrics, although users may also need to upload their own 

DEM. Once all metrics are calculated they can be run on a server and then be sent back to the 

App for producers or other stakeholders to evaluate.  

Traditional Image Processing 

If there are insufficient funds for an extension portal, two sets of people could be trained on how 

to apply the model. The first option, that would get it out to many people, would be to hold an 

extension workshop that producers, county agents, insurance adjusters, and other stakeholders 

could participate in and learn about the model. There each of these people could learn how to use 

the model on their own computer by extracting the tabular data from UAS imagery and detecting 

damaged areas using the gridded approach. The second option would involve hiring student 

workers to compile data that is sent in, add the grids, extract the data, and apply the model which 

could then be written into a standardized format so all stakeholders knew what the results meant.  

Final Thoughts 

There are differences between crop damage and crop lodging. Either can be caused by the 

other, and each can cause substantial financial losses to a producer. This thesis has described a 

method that can detect the presence of lodging, and distinguish between different modes. Not all 

seem to agree on the definition of lodging as Pinthus (1974) did, and there are even states of 

lodging that fall different than what were applied in the experimental study conducted for this 

research. These extra modes (e.g. snapping vs. bending) occurred in both modes of lodging, 
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however, these differences were unintended and not evaluated. Lodging evaluation utilizing only 

a UAS equipped with a visual band sensor is possible, but care must be taken before specificity 

can be assured. There is more work that can be done to evaluate these differences in lodging 

state, but that will be beyond the scope of this thesis. There may also be other damage modes that 

the methods presented could detect: wildlife (bears, deer, boar, etc.) damage, insect damage, or 

chemical damage could  be detected. Detecting the damage zones may be more important in 

these applications than determining the degree of damage, but all could be done through the 

application of this work. 
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