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Abstract   

Iron deficiency chlorosis (IDC) is an abiotic stress in soybean [Glycine max (L.) 

Merr.] that causes significant yield reductions. Symptoms of IDC include interveinal 

chlorosis and stunting of the plant. While there are management practices that can 

overcome these drastic yield losses, the preferred approach to manage IDC is growing 

tolerant soybean varieties. To develop varieties tolerant to IDC, breeders may easily 

phenotype up to thousands of candidate soybean lines every year for severity of 

symptoms related to IDC, a task traditionally done with a 1–5 visual rating scale. The 

visual rating scale is subjective and, because it is time consuming and laborious, can 

typically only be accomplished once or twice during a growing season. The goal of this 

study was to use an unmanned aircraft system (UAS) to improve field screening for 

tolerance to soybean IDC.  We achieved high efficiency in collecting data with 

autonomous UAS flights, greater than 77% accuracy in classifying plots on a 1-5 severity 

scale, and an average reduction in LSD values across a series of experimental trials.  This 

method is high-throughput, objective, and more precise than traditional ground based 

visual assessments.  The UAS-based system was further used to assess the interactions of 

IDC and soybean cyst nematode (SCN).  A range of treatments were added to change the 

levels of IDC and SCN stress in a randomized complete block factorial design.  Results 

from the three-year study showed that the treatments independently created IDC and SCN 

severity symptoms and associated yield differences.  Nematode reproduction was 

significantly impacted by varietal resistance and was not impacted by IDC treatment.  An 

interaction between IDC and SCN treatments was not found for yield, nematode 
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reproduction, or severity symptoms suggesting these stresses act additively.  Finally, 

UAS-based phenotyping was used to assess temporal patterns of iron deficiency chlorosis 

symptoms in a genome-wide association study.  The UAS-based system identified 

overlapping QTL with the same significance as traditional visual observations indicating 

that UAS estimates of IDC are useful in soybean genetics research programs.  In addition, 

novel QTL were identified for the rate of IDC recovery.  Overall, the efficiency and 

precision of UAS-based image analysis of IDC can be useful in breeding, agronomic, and 

genome-wide association studies.       
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Soybean Iron Deficiency Chlorosis 

Factors and symptoms associated with soybean iron deficiency chlorosis  

Soybean iron deficiency chlorosis (IDC) is a major soil borne stress that causes 

significant yield reduction in the Midwest.  Iron deficiency chlorosis is caused by a lack 

of available iron [Fe(II)] to the plant.  While iron is abundant in almost all soils, 

deficiencies are caused by several factors and their interactions that change the solubility 

of iron in the soil (Hansen et al. 2003).  Soils with pH in the range of 7.4 – 8.5 cause low 

solubility of iron minerals (Lucena and Hernandez-Apaolaza 2017).  Another soil factor 

that causes IDC is the amount of calcium carbonates in the soil.  The calcium carbonates 

in the soil neutralize the excreted acids from the soybean roots that are meant to 

solubilize the iron in the soil (Kaiser et al. 2011).  Nitrates (NO3-) in the soil also increase 

IDC (Silva and Uchida 2000; Bloom et al. 2011a; Kaiser et al. 2011, 2014).  Plants take 

up NO3- from the soil and exchange a bicarbonate ion in the process.  Bicarbonate 

neutralizes the acidity around the roots and the iron remains unavailable to the plant 

(Inskeep and Bloom 1987).  Wet soils are another factor that increase IDC.  Wet soils 

lead to a buildup of CO2 in the soil.  The trapped CO2 results in a buildup of carbonic 

acid which forms bicarbonates.  As described previously, the bicarbonate leads to a 

neutralization of the acidity around the roots and causes the iron to become unavailable to 

the plant.  Symptoms of IDC include interveinal chlorosis of the leaves, yellowing of 

soybean foliage, and overall stunting of the plant.  These symptoms appear as early as a 

few weeks after emergence and new growth by the plant is the most affected.   
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Management solutions for soybean iron deficiency chlorosis 

Soybean iron deficiency chlorosis (IDC) causes annual losses of up to ~$260 

million in the United States alone (Hansen et al. 2004; Peiffer et al. 2012). In Minnesota, 

IDC can be found in the regions of South Central, Southwest, West Central, and 

Northwest Minnesota, and is found on high pH soils and soils with large amounts of 

calcium carbonates.   

Due to the large impact of IDC, many solutions have been studied and shown to 

prevent yield loss due to IDC.  These solutions include growing a tolerant soybean 

variety, using a companion crop, reducing other forms of stress to the plant, increasing 

plant density, and supplementing the crop with iron chelates (Goos and Johnson 2000; 

Naeve 2006; Kaiser et al. 2011, 2014; Chatterjee et al. 2017).  While there are 

management practices presented, note that soybean IDC is still challenging to manage 

due to the high amount of spatial and temporal variability of the stress (Hansen et al. 

2004). 

While there are several strategies presented to help manage IDC, it has been 

reported that growing a soybean variety tolerant to IDC stress is most beneficial (Goos 

and Johnson 2000; Hansen et al. 2004; Goos et al. 2009).  Soybean varieties show a 

range in response to IDC with some very tolerant to the stress, while others are highly 

susceptible.  Private companies and public institutions provide information on how 

different varieties rank in terms of IDC tolerance.  Growers should look at these rankings 

when choosing a variety if their field has a known history of IDC.  Growers can also 

discuss variety options with nearby farmers as well as perform on-site variety testing of 
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their own.  When choosing a variety to plant, growers should consider the potential 

benefits of that variety in terms of cost and economic return. 

Soil NO3- levels (as discussed previously) can increase the severity of IDC.  It has 

been shown that planting a companion crop such as oats can take up and use the NO3-, 

thus helping to alleviate IDC.  While planting a companion crop has been proven to be 

effective, it does require additional management of sowing the oats and terminating them 

at the right time (too early and the oats will not take up enough of the NO3- and too late 

and they will compete with the soybean crop) (Naeve 2006, Bloom et al. 2011, Kaiser et 

al. 2014).  In addition to companion crops, increased planting density of soybeans or 

planting soybeans into a wider row spacing can help a producer manage IDC (Goos and 

Johnson 2001).   

Reducing other forms of stress is also important.  A soil with high pH is a major 

factor that causes unavailability of iron to the soybean plant leading to IDC.  In addition, 

it has been shown that nematodes are often present in higher numbers in high-pH soil 

(Francl 1993, Rogovska et al. 2006, Pedersen et al. 2010, Melakeberhan et al. 2013).  It is 

very likely that IDC and SCN stresses are co-occurring in farmer’s fields without the 

farmer recognizing the problem.  It is likely that these two stresses are working together 

to make symptoms more severe.  Other stresses that might affect iron uptake include 

herbicide damage and other plant diseases (Kaiser et al. 2011).   

In-furrow application of an ortho-ortho EDDHA Fe chelate has been shown to be 

effective for reducing the impact of IDC on soybean.  Soygreen is one example of an iron 

chelate product that contains 1.8% Fe by volume.  While applying a chelated iron does 

help with stress, cost may be prohibitive for using such a product.  Kaiser et al. in 2014 
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found that an in-furrow application of iron chelates provides a solution to reducing IDC 

stress in areas where IDC stress was moderate to severe.  They also noted that the 

application of this product had less risk associated with it than using an oat companion 

crop (Kaiser et al. 2014).  Other sources of Fe have been studied but have not been found 

to be overly effective (Chatterjee et al. 2017).  Overall, the research studies have shown 

that it is best to pair IDC-tolerant varieties with other management options to improve 

yield in IDC prone fields (Mourtzinis and Conley 2017). 

Genetics underlying tolerance to soybean iron deficiency chlorosis  

Many studies have been conducted to identify quantitative trait loci (QTL) 

controlling IDC tolerance.  As of 2019, Soybase has reported 39 QTL for IDC which are 

reported as iron efficiency QTL “Fe effic” (Soybase.org).  Studies to identify QTL have 

included bi-parental linkage mapping and association mapping.   

The first study on the genetics of IDC in soybean was conducted in 1943 by 

Weiss (Weiss 1943) who concluded that IDC was affected by a single recessive gene.  

Cianzio and Fehr 1980 also reported that IDC was controlled by a major gene based on 

backcrossing of susceptible and resistant IDC varieties (IVR EX5003 x Anoka) (Cianzio 

and Fehr 1980).  The same group of researchers conducted follow-up studies and in 1982, 

reported that the inheritance of IDC was actually different than their reports in 1980 

(Cianzio and Fehr 1982).  In the follow-up manuscript, Cianzio and Fehr reported that the 

inheritance of IDC resistance was likely quantitative and can vary based on the parents 

that are used in the development of the populations.  Fehr 1982 reported that after testing 

many plant introductions that no genotype was available that did not exhibit some level 
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of chlorosis, and thus, plant breeding efforts are needed to improve resistance to the 

stress.     

Additional studies have been conducted on the genetics of IDC in soybean since 

the initial reports.  Diers et al. 1992 conducted a bi-parental mapping population study 

and found three markers significantly associated with iron efficiency.  Mansur 1992 

identified a plant introduction that had an average reduction in IDC symptoms – PI 

437654 (Mansur 1992).   

Lin et al. 1997, 2000 identified a notable QTL on linkage group N (now identified 

as chromosome 3) for iron deficiency chlorosis indicating a major gene was involved in 

the segregation of the IDC response in one of the bi-parental populations of Anoka x A7.  

Lin et al. (2000) evaluated IDC symptoms of two separate bi-parental populations using 

both visual scores and spectrometric chlorophyll estimations to identify QTL affecting 

IDC.  Overall, QTL with minor effects were found on five different linkage groups for 

one bi-parental population and two QTL mapped in the Anoka x A7 population.  The 

same QTL on chromosome 3 was found in both studies (Lin et al. 1997a, 2000).   

Severin et al. 2010 compared the near isogenic lines (NILs) Clark (PI 57430) and 

IsoClark (PI 548533) which were previously reported for differences in iron efficiency 

(O’Rourke et al. 2007b; a, 2009).  They confirmed introgression sites of IsoClark on 

chromosomes 3, 4, 5, 13, and 16.  Additionally, RNA-Seq was used to identify a much 

greater number of markers to increase the resolution of introgression sites.             

Mamidi et al. 2011 studied the genetic architecture of IDC in soybean by SNP-

based genome-wide association mapping and found nine consistent loci accounting for 

43.7% of the variation in IDC severity, also confirming many previously reported loci.  
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In addition, fifteen genes known to be involved in iron metabolism were located within 

500kb of the significant markers.       

Peiffer et al. 2012 re-sequenced differentially expressed genes within the QTL 

region on chromosome 3 of the soybean genome, based on previous reporting of this 

QTL.  Two genes encoding transcription factors within the chromosome 3 region were 

significantly altered during the induction of iron stress in the roots.  Interestingly, these 

genes are known in Arabidopsis to regulate the strategy I response.  Furthermore, the 

resequencing data revealed a significant deletion that is hypothesized to be associated 

with the iron acquisition genes.  The results provide insights on the genes conferring the 

iron-efficient QTL in the Anoka x A7 population previously described.         

 King et al. 2013 found a QTL on chromosome 20 that showed a possible genetic 

link between the iron efficiency trait and iron accumulation in the soybean seed.  Based 

on this, it may be possible to select genotypes based on iron composition in the seed as an 

indirect selection for IDC resistance.  The authors conducted their analysis using the 

previously reported Anoka x A7 population and performed both nutrient analysis of the 

seed at harvest from each plot as well as the leaf tissue of fully expanded trifoliates 

within plots 3-4 weeks after planting.  The candidate genes identified in this study could 

be involved in mineral uptake and transport and have the potential to be selected for in 

breeding Fe efficient crops (King et al. 2013).         

Moran Lauter et al. 2014 conducted a RNA-Seq study at one and six hours after 

inducing iron stress by replacing iron abundant media with iron deficient media in a 

hydroponic assay.  Genes were identified at each of the two time-points, but interestingly, 

there was little overlap in differentially expressed genes at each time of analysis.  
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Dynamic gene expression and differences between roots and leaves in this study suggests 

that there are likely many transcription factors involved that are changing the expression 

levels of genes involved in iron efficiency (Moran Lauter et al. 2014).  The differentially 

expressed genes identified in the study can be considered for future investigation and 

selection for improvements in tolerance to iron deficiency chlorosis.       

Mamidi et al. 2014a identified seven major effect QTL on seven different 

chromosomes using genome-wide association analysis.  A total of twelve candidate genes 

were identified within the mapped regions based on their previously known associations 

to iron metabolism.  In the study, two separate populations were grown over the course of 

two years and subsequently evaluated for IDC stress on a 1-5 visual scale.  In the 

genome-wide association analysis, the authors found QTL overlapping with previous 

studies including the prominent QTL on chromosome 3.  Additional QTL were identified 

on chromosomes 5, 7, 16, 17, 18, and 19.  The markers combined explained a total of 

46.3 percent of the variation in IDC severity score (Mamidi et al. 2014b; a).  In addition 

to identifying QTL, the authors report narrowing QTL regions to identify a total of 12 

candidate genes.     

Zhang et al. 2017a used red-green-blue images to evaluate the severity of iron 

chlorosis symptoms for genome-wide association analysis.  The machine learning scores 

based on image analysis provided a more objective measure of IDC stress and thus 

allowed for the detection of smaller effect QTL that would have otherwise been missed if 

solely relying on human based visual assessments of IDC symptoms.  In the study, both 

visual score and machine learning scores were both successful in identifying the QTL on 

chromosome 3, as was previously reported.  In addition, the machine learning score based 
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on image analysis allowed for the capture of a continuous variable rather than discrete 

classes on a 1-5 scale.  This image based score, therefore, was used and identified two 

additional novel QTL on chromosomes 18 and 20.  On the QTL of chromosome 18, a 

candidate gene (Glyma.18g111000) was identified for further investigation (Zhang et al. 

2017b).        

Merry et al. 2019 reported a significant IDC QTL on the short arm of 

chromosome 5 through a combination of two separate association mapping populations 

and a bi-parental mapping population.  In that study, Merry et al. also identified 

significant QTL on chromosome 3 and chromosome 6 of the soybean genome.  In 

addition to mapping several QTL, additional analysis was done to further investigate the 

region on chromosome 5.  In Fiskeby III by Mandarin (Ottawa) near isogenic line pairs 

developed from residual heterogeneity, the causative region of IDC tolerance was 

narrowed to the end of chromosome 5.  The final fine-mapped region was identified to be 

between 0 and 137,207 base pairs on chromosome 5 (Merry et al. 2019).            

Another study by Assefa et al. 2020 used both genome-wide association analysis 

and genome-wide epistatic analysis to further investigate the genetic architecture of 

soybean iron deficiency chlorosis (Assefa et al. 2020).  Phenotypic data was collected 

both in the field and in a hydroponic assay that introduces iron stress conditions.  The 

authors demonstrate the power of combining genome-wide association analysis, genome-

wide epistatic analysis, and gene expression analysis to identify novel QTL.  The study 

suggested that a mutation in Isoclark was responsible for regulation of Fe uptake and 

transport genes (Assefa et al. 2020).  In addition, significantly associated SNPs were 

identified on 19 of the 20 soybean chromosomes (all except chromosome 4).  These 
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identified QTL have potential to be used for future genomic studies or for selection for 

future soybean improvement.  Finally, the authors suggest that the region on chromosome 

3 (previously reported) is likely caused by multiple candidate genes within the interval.  

Interestingly, there may be potential to alter multiple molecular pathways to improve 

tolerance to IDC (Assefa et al. 2020).              

Methods of phenotyping soybean iron deficiency chlorosis   

Traditionally, IDC severity is measured through a visual 1-5 or 1-9 rating system.  

In such systems, tolerant varieties would be given a 1-2 on a five-point scale or a 1-2.5 on 

a nine-point scale.  Tolerant varieties show no yellowing and the full canopy is green.  

Moderately tolerant varieties will be given a 2.1-3 or 2.6-5 on a five-point and nine-point 

scale, respectively.  Moderately susceptible lines show some signs of yellowing and are 

given a 3.1-4 or 5.1-7.5 on a five-point and nine-point scale, respectively.  Finally, 

susceptible lines will be given a 4.1-5 or 7.5-9 rating on a five point and nine-point scale, 

respectively.  Susceptible lines show severe chlorosis or necrosis and stunting of the 

plant.   

Alternative methods for phenotyping IDC severity also exist.  For example, 

relative leaf chlorophyll concentrations can be measured by destructively sampling 

soybean leaves and extracting the chlorophyll in acetone solutions (Lin et al. 1997a).  

Other researchers have measured chlorophyll concentration using a SPAD meter 

(Minolta, Ramsey, NJ) (Helms et al. 2010; Bloom et al. 2011a; Vasconcelos and Grusak 

2014).  In these cases, researchers typically measure random leaves within the plot and 

average the chlorophyll measurements.  While this approach is more time and labor 

intensive, it provides an objective measurement of relative chlorophyll concentration.   
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Recently, researchers have developed alternative image-based IDC rating systems 

(Naik et al. 2017; Zhang et al. 2017b).  In this approach, pictures of plots are taken with 

digital cameras and computer imaging software is used to extract three features - green 

pixel content, yellow pixel content, and brown pixel content.  Using machine learning 

algorithms, these features are related to the IDC severity scores taken in the field.  

Approaches such as this one has offered great success in hill plots achieving a mean per 

class accuracy of ~96%.   

Four-row field trial IDC plots have also been imaged to measure IDC severity 

(Bai et al. 2018).  In the study by Bai et al. 2018, a high-throughput phenotyping cart was 

used to capture RGB images over the center two rows of each plot.  In their approach, an 

overall classification accuracy of 81% was obtained (Bai et al. 2018).  In the above image 

analysis papers, the authors mention the demand for a higher throughput method of image 

collection and analysis, such as unmanned aircraft systems.      

High-Throughput Plant Phenotyping 

High-throughput phenotyping 

With advances in genomics and quantitative genetics, phenotyping remains a 

cornerstone of plant breeding (Godwin et al. 2019; Reynolds et al. 2020).  Genetic 

markers have been a valuable tool for plant breeders in which the genes controlling a trait 

are of major effect.  For complex traits and those of agronomic importance such as grain 

yield, individual markers are less valuable.  However, whole genome prediction has 

shown success in improving genetic gain for these traits  (Meuwissen et al. 2001; Heffner 

et al. 2010; Jannink et al. 2010; Lorenz 2013; Crossa et al. 2014).  In light of these 
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advancements, high-throughput and reliable phenotypic information is still in high 

demand.         

High-throughput phenotyping (HTP) refers to the ability for researchers to collect 

detailed information during a plant life cycle in a non-invasive way (Dhondt et al. 2013; 

Araus and Cairns 2014).  A key to the success of HTP is the ability to non-destructively 

measure plant traits (Araus et al. 2015; Fahlgren et al. 2015).  High-throughput image-

based phenotyping can be defined as the ability to minimally image hundreds of plants 

per day (Fahlgren et al. 2015).  High-throughput phenotyping, or phenomics, has also 

been defined as “the use of sensor and imaging technologies that permits the rapid, low-

cost measurement of many phenotypes across time and space with less labor” (Pauli et al. 

2016). In addition, HTP can be conducted in both controlled and field environments and 

with a wide array of platforms and sensors (Araus and Cairns 2014; Singh et al. 2016).   

High-throughput phenotyping has recently been reviewed in several publications 

(Furbank and Tester 2011; Fiorani and Schurr 2013; Araus and Cairns 2014; Pauli et al. 

2016c; Coppens et al. 2017; Tardieu et al. 2017; Reynolds et al. 2019; Roitsch et al. 

2019).  In these reviews, the technological advancements in image processing software, 

improvements in plant phenotyping, and relating these phenotypes to the environment are 

discussed in great detail.  Regardless of these advancements, however, there is still a 

growing interest in “breeder-friendly” phenotyping, in which collecting data is easy and 

accessible, and the costs for implementation are low enough to permit its use (Reynolds 

et al. 2020).  

In the area of HTP, improvements and new innovation continue to emerge.  New 

sensors are being designed that are smaller and can capture more detailed information in 
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terms of spatial and spectral resolution.  In addition, new computational techniques and 

machine learning algorithms are being incorporated to enable data assimilation and 

feature identification for plant phenotyping (Singh et al. 2016).   

Sensors and vehicles for field based high-throughput phenotyping 

There are many options for sensors and vehicles to perform high-throughput plant 

phenotyping (HTP), and the capabilities of these systems continue to evolve (Roitsch et 

al. 2019).  White et al. (2012) discussed platform options for field-based phenomics 

including high-clearance tractors, cranes, cable robots, helicopters, and aerostats.  

Proximal sensing carts have also shown value in collecting high resolution phenotypic 

information (White and Conley 2013; Bai et al. 2018).  Field-based phenotyping 

platforms vary in their ability to carry different sized payloads, their portability, and base 

cost.  In addition, each platform will allow for different spatial and temporal resolution.  

Ultimately, the platform needs to provide a means to rapidly and accurately position 

instruments over field plots or individual plants (White et al. 2012).   

 In recent years there has been a growing interest in aerial HTP platforms, 

especially for the use in germplasm assessment within breeding programs.  There are a 

few reasons for this upward attention including the affordability and accessibility of 

unmanned aircraft systems (UASs).  One major advantage is that these platforms can 

cover thousands of plots in just minutes allowing for high temporal and spatial resolution 

of phenotypic data (Haghighattalab et al. 2016).  The UASs can also be customized to 

carry a wide array of sensors, making them very appropriate for use as a phenotyping 

platform.    
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The platforms discussed previously are simply a means of carrying sensors to 

collect phenotypic information.  These spectral sensors work either passively or actively.  

Passive sensors rely on an external source of energy, typically sunlight.  Active sensors 

are equipped with light-emitting systems to provide radiation of specific wavebands.  

One major advantage of active sensors is their ability to capture data independent of 

changing irradiation conditions (Hatfield et al. 2008; Erdle et al. 2011).  Both active and 

passive sensors are aimed to measure the amount of light reflected by the crop or object 

of interest.  Some examples of active sensors used for HTP include LiDAR, spectral 

sensors, and sonar.  Examples of passive sensors include digital cameras that collect 

visible spectral radiation including red, green, blue (RGB) wavebands.  Digital cameras 

have also been modified to capture NIR reflectance (White et al. 2012; Busemeyer et al. 

2013; Andrade-Sanchez et al. 2014; Crain et al. 2016; Yu et al. 2016a; Dobbels and 

Lorenz 2019).  In addition to the visible spectrum, multispectral and hyperspectral 

cameras have been utilized to capture spectral wavebands throughout the electromagnetic 

spectrum (Haskett and Sood 1998; Zarco-Tejada et al. 2005; Campbell et al. 2007; 

Rodrigues et al. 2018).  The sensor to use depends on the objective of the research 

project, with hyperspectral and multispectral cameras costing much more than low cost 

consumer grade digital cameras.  Ultimately, HTP platforms will vary in the spatial, 

temporal, and spectral resolution of data.     

High-throughput phenotyping in soybean breeding programs 

Many traits are routinely evaluated in a soybean breeding program that require 

subjective visual ratings and are very laborious and time consuming to collect.  Many of 

these traits in soybean have been investigated for field-based high-throughput 
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phenotyping, both with ground based sensing platforms as well as with cameras equipped 

to unmanned aircraft systems (UAS).  Traits that have shown great success include 

estimating days to plant maturity, quantifying canopy coverage, abiotic and biotic stress 

detection, and yield estimation, as examples (Singh et al. 2016; Yu et al. 2016b; Xavier 

et al. 2017; Zhang et al. 2017a; Bai et al. 2018a; Dobbels and Lorenz 2019; Narayanan et 

al. 2019; Zhou et al. 2019). 
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Summary 

Background: 

Iron deficiency chlorosis (IDC) is an abiotic stress in soybean [Glycine max (L.) 

Merr.] that causes significant yield reductions. Symptoms of IDC include interveinal 

chlorosis and stunting of the plant. While there are management practices that can 

overcome these drastic yield losses, the preferred way to manage IDC is growing tolerant 

soybean varieties. To develop varieties tolerant to IDC, breeders may easily phenotype up 

to thousands of candidate soybean lines every year for severity of symptoms related to 

IDC, a task traditionally done with a 1–5 visual rating scale. The visual rating scale is 

subjective and, because it is time consuming and laborious, can typically only be 

accomplished once or twice during a growing season. 

Results: 

The goal of this study was to use an unmanned aircraft system (UAS) to improve 

field screening for tolerance to soybean IDC. During the summer of 2017, 3386 plots 

were visually scored for IDC stress on two different dates. In addition, images were 

captured with a DJI Inspire 1 platform equipped with a modified dual camera system 

which simultaneously captures digital red, green, blue images as well as red, green, near 

infrared (NIR) images. A pipeline was created for image capture, orthomosaic generation, 

processing, and analysis. Plant and soil classification was achieved using unsupervised 

classification resulting in 95% overall classification accuracy. Within the plant classified 

canopy, the green, yellow, and brown plant pixels were classified and used as features for 

random forest and neural network models. Overall, the random forest and neural network 

models achieved similar misclassification rates and classification accuracy, which ranged 
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from 68 to 77% across rating dates. All 36 trials in the field were analyzed using a linear 

model for both visual score and UAS image-based scores on both dates. In 32 of the 36 

tests on date 1 and 33 of 36 trials on date 2, the LSD associated with UAS image-based 

scores was lower than the LSD associated with visual scores, indicating the image-based 

scores provided more precise measurements of IDC severity. 

Conclusions: 

Overall, the UAS was able to capture differences in IDC stress and may be used 

for evaluations of candidate breeding lines in a soybean breeding program. This system 

was both more efficient and precise than traditional scoring methods. 
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Introduction 

Iron deficiency Chlorosis (IDC) is a major soil borne stress in soybean [Glycine 

max (L.) Merr.] and causes significant yield reductions.  In the United States, soybean 

IDC has been reported to result in yield losses totaling $260 million annually (Hansen et 

al. 2003; Peiffer et al. 2012).  Soybean IDC is caused by a lack of available iron [Fe(II)] 

to the plant (Brown et al. 1967; Cianzio et al. 1979; Silva and Uchida 2000; Hänsch and 

Mendel 2009).  While iron is abundant in almost all soils, deficiencies are caused by 

several soil chemical factors and their interactions that change the solubility of iron in the 

soil (Hansen et al. 2003; Rogovska et al. 2007).  Soybean IDC is impacted by soil pH, 

soil calcium carbonate content, soil moisture content, soil electrical conductivity, iron 

oxide concentration, and soluble salts (Inskeep and Bloom 1987; Morris et al. 1990; 

Hansen et al. 2003; Franzen and Richardson 2008).  Deficiency symptoms include 

interveinal chlorosis and overall stunting of the plant (Jeong and Connolly 2009; 

Vasconcelos and Grusak 2014).  Soybean growers can overcome the drastic yield 

penalties of IDC by growing tolerant soybean varieties, planting companion crops, 

reducing other forms of plant stress, and supplementing the soil with iron chelates (Naeve 

2006; Kaiser et al. 2011).    

The preferred method to minimize yield  losses caused by IDC is growing a 

tolerant variety, which is why there is continued interest in the development of IDC 

tolerant varieties by soybean breeders (Goos and Johnson 2000; Kaiser et al. 2011; 

Lucena and Hernandez-Apaolaza 2017).  To accomplish this breeding objective, 

thousands of potential soybean varieties need to be screened every year for IDC severity.  

The screening has traditionally been accomplished using a 1-5 visual severity scoring 

system where a score of 1 is given to tolerant lines and a score of 5 is given to susceptible 
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lines (Cianzio et al. 1979).  The visual rating system is labor intensive and typically only 

done at one time point in the growing season.  In addition, intra-rater variability due to 

the subjectivity of the human eye can result in less accurate phenotypic measurements, 

and thus, researchers are investigating image-based methods for quantifying IDC severity 

(Cianzio et al. 1979; Naik et al. 2017).  New automated rating systems hold potential for 

more objectivity and reliability for phenotyping IDC stress (Singh et al. 2016; Naik et al. 

2017).  To date, these phenotyping methods have been implemented from tripods (Naik 

et al. 2017) and push carts (Bai et al. 2018a); however, implementation using an 

unmanned aircraft system (UAS) has not been reported.               

High-throughput phenotyping (HTP) refers to the ability for researchers to collect 

detailed information during a plant life cycle in a non-invasive way (Dhondt et al. 2013; 

Araus and Cairns 2014).  This can be done in both controlled and field environments and 

with a wide array of platforms and sensors including ground based and aerial systems 

(Araus and Cairns 2014; Singh et al. 2016).  In recent years, there has been a growing 

interest in the utilization of aerial HTP platforms, especially for use in germplasm 

assessment within breeding programs (Haghighattalab et al. 2016).  While many traits are 

currently being measured in soybean using these platforms, including plant maturity, 

canopy coverage, and yield estimation (Yu et al. 2016b; Xavier et al. 2017), for example, 

the main goal of this project was to use an unmanned aircraft system (UAS) to improve 

plant assessments of soybean iron deficiency chlorosis (IDC).  The objective of this 

research was to use images collected from a UAS to measure IDC severity and determine 

the accuracy and precision of these predictions.  
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Materials and Methods 

Plant material, location, and field design 

A series of 36 trials consisting of breeding lines at different stages in the UMN 

breeding program, ranging from the advanced yield trial stage to the regional trial and 

commercial testing stage, was used in this study (Figure 2-1).  Breeding lines belonged to 

maturity groups ranging from 00 to II. Individual trials consisted of breeding lines of 

similar relative maturity. The number of entries in each trial ranged from 16 to 80.  Each 

plot (experimental unit) was planted as a single row 91cm in length and 76.2cm apart.  

Plots were arranged in a randomized complete block design with two replications.  All 

plots (a total of 3,824) were planted on June 1, 2017.       

The location for this study was a field site near Danvers, MN (45.274285, -

95.718046) in Swift County.  This field has a history of soybean IDC and has been 

rotated between corn and soybean for several years.  Before planting, soil cores were 

taken and the soil was confirmed to have a pH in the range of 7.5 to 8.2, a range known 

to induce iron deficiency in soybeans (Inskeep and Bloom 1987; Hansen et al. 2003).   

A total of nine ground control points (40cm x 20cm cement pavement blocks 

painted red) were placed in the field (Figure 1). These were placed randomly throughout 

the field site location in such a way to cover the entire area of interest and remained in the 

field for the duration of the season.   The ground control point coordinates were collected 

at one time-point during the summer using a Trimble Handheld GPS unit.     

Reflectance calibration panels were also created for use in this project.  A total of 

three calibration targets (2 feet by 2 feet matte boards) were made with each target 

consisting of four levels of grey – 5%, 20%, 40%, and 55% reflectance painted with 

‘black’, ‘iron mountain’ ‘flannel gray,’ and ‘silver bullet,’ and for each % reflectance 
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respectively (BEHR paint brand, Santa Ana, California).  Paint was mixed with a 50/50 

mix by weight with barium sulfate to ensure a near Lambertian surface.  A total of three 

layers of paint were used on top of one coat of primer.  An ASD (Analytical Spectral 

Devices) Handheld 2: hand held VNIR spectroradiometer was used to measure the 

reflectance of the panels with the built-in halogen bulb for source lighting.           

IDC ground-based phenotyping 

Soybean IDC was rated on July 12 and August 1, 2017, herein referred to as date 

1 and date 2 respectively.  On date 1, soybeans ranged in vegetative growth stages from 

V3-V6 and on date 2, soybeans ranged in growth stages from V6-R2.  Soybeans were 

rated on both dates with a 1-5 visual rating scale.  With this scale, a rating of “1” 

indicates a plot that is 100% green (no yellowing), a score of “2” indicates slight 

yellowing with some plants in the plot turning yellow, a score of “3” indicates moderate 

yellowing with most plants turning yellow in the plot, a score of “4” indicates intense 

yellowing where all plants are yellow and some are becoming stunted and necrotic, and a 

score of “5” indicates most severe IDC symptoms where the entire plot is damaged and 

dying or completely dead (Cianzio et al. 1979; Mamidi et al. 2014a).  Each plot was 

measured by an expert rater who understands IDC stress symptoms.  This ground-based 

phenotyping served as the reference data in this study for training and validating models.  

In addition, 252 plots were scored independently by two trained raters for the assessment 

of inter-rater variability.  These plots were chosen because they displayed variation in 

IDC severity because of their placement in a part of the field with optimal IDC stress for 

detecting differences between varieties.   
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UAS platform, sensor, flight plan 

In this study, a pipeline was created from image capture to image analysis.  Table 

2-1 highlights the major steps in this pipeline including (1) UAS image collection, (2) 

orthomosaic generation, and (3) image processing. In step 1, aerial data were collected on 

the same dates as ground based data (July 12 and August 1) with a DJI Inspire 1 equipped 

with a modified dual camera system, “Sentera Double 4K agricultural” (Sentera Inc, 

Minneapolis, MN).  The images were captured in 12.3 mega-pixel (MP) red (650nm x 

70nm width), green (548nm x 45nm width), blue (446nm x 60nm width) and 12.3 MP red 

(650nm x 70nm width), green (548nm x 45nm width), Near Infrared (NIR, 840nm x 

20nm width).  Each camera has a 60-degree field of view.  The UAS was flown using the 

autonomous flight mission planning of AgVault software.  All missions were conducted 

at an altitude of 60.96 meters with a UAS speed of 5 meters/second and images captured 

with 70% end lap and side lap.  The resulting images had a ground sampling distance of 

1.6 cm.  All flights were conducted within two hours of solar noon to limit shadow 

effects. 

Image data processing  

After image collection, image orthomosaics were generated using Pix4D Desktop 

(Pix4D, SA).  The WGS 84 datum was used with a projected coordinate system of UTM 

zone 15N.  Images captured by the Sentera dual camera system were uploaded into the 

same project and given group names of “RGB” and “NIR” for the two sets of images 

respectively.  The default processing options template, “Ag RGB,” was used for 

generating geo-referenced orthomosaics.  This option generates mosaics from 

overlapping nadir images and outputs a full resolution GeoTIFF file and merges tiles.  In 
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addition, the “Ag RGB” processing template has faster processing speed and is 

compatible with RGB cameras.   

Pix4D Processing occurs in three major steps including initial processing; point 

cloud and mesh; and digital surface model, orthomosaic, and index generation.  Nine 

ground control points were input into the Pix4D project directly following the initial 

processing step using the ray cloud editor.   

In step 3, orthomosaics were processed and data extracted from each plot.  

Orthomosaics were loaded into Erdas Imagine and unsupervised classification using k-

means clustering into five classes was done on an indexed map of the ratio of red and 

green (R-G)/(R+G).  After unsupervised classification, the five classes were manually 

grouped into the “plant” class and the “soil” class based on human observation of the five 

classes.  The classes were recoded, and a mask was set based on the new classification.   

Accuracy assessment of the plant and soil classification was conducted using 

Erdas Imagine software (Hexagon Geospatial, United States).  The accuracy assessment 

toolkit was used to assign 1,000 points across the field of interest.  An equalized random 

sampling scheme was used to set 500 sampling points of soil and 500 of plant classified 

pixels.  The reference data was created by visually assigning each point as plant or soil 

based on human interpretation of the non-classified original orthomosaic.  Class values 

were hidden during the reference data collection in order to ensure unbiased values.  An 

error matrix was used to compute the overall accuracy, producer accuracy, and user 

accuracy.  The overall classification accuracy was computed by summing the major 

diagonal numbers (correctly classified) divided by the sum of all sample units in the 

entire matrix.  The producer accuracy was computed by dividing the total number of 



 

25 

 

correct sample units in each specific category by the total number of the specific sample 

units of reference data.  The user accuracy was computed by dividing the total number of 

correct sample units in the specific category by the total number of sample units 

classified as the specific category. 

 The masked plant canopy was further classified to green, yellow, and brown plant 

pixels using an additional k-means clustering step.  These features were then extracted 

using QGIS software (QGIS Geographic Information System. Open Source Geospatial 

Foundation Project. http://qgis.osgeo.org).  In QGIS, a polygon shapefile was created 

where field plot polygons were used to identify each of the 3,824 plots.  The zonal 

statistics plugin was used to extract the proportion of green, yellow, and brown pixels in 

each plot.   

Two modeling algorithms, neural network and random forest, were used to relate 

these three features to the ground based visual scores (Breiman 2001).  Both algorithms 

are available in the predictive analytics software package within JMP Pro (JMP®, Pro 10, 

SAS Institute Inc., Cary, NC, 1989-2007).  In both cases, the IDC visual score data was 

treated as a character and 77% of the data, at random, was used to train the models and 

33% of the data, at random, was used for validation.  The random forest used 100 trees in 

the forest with 10 minimum splits per tree.  The neural network was run using default 

settings in JMP software.  The hidden layer structure used 3 TanH functions and a 

learning rate of 0.1.  Results are reported in a confusion matrix. 

 Each of the 36 trials in the field were analyzed using a linear model including the 

IDC score as the response variable, a fixed effect for entry, a fixed effect for block, and a 

random residual.  The least significant difference (LSD) was calculated by multiplying 
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the square root of the mean square error from the statistical model by the 0.2 t-value for 

each test.  The LSD was calculated for all 36 tests on ground-based UAS scores for both 

dates of data collection.   

Results and Discussion 

Ground-based phenotyping 

A total of 3,386 plots were assessed for severity to IDC stress on a 1-5 scale on 

two separate dates (July 12 and August 1, 2017).  The distributions of each of the two 

dates of data, as well as their relationships, can be seen in Figure 2-2.  In total, 15%, 45%, 

30%, 9%, and 1% were rated 1-5, respectively, on date 1. On date 2 30%, 41%, 18%, 8%, 

and 3% were rated 1-5, respectively.  In total, there was a much higher abundance of 

entries given a score of “1” on date 2 as compared to date 1.  Nevertheless, the overall 

average score in the field was 2.1 on both dates of visual scoring.  The comparison 

between raters was also investigated on a subset of 252 plots.  For these plots, two people 

independently scored the plots to provide an estimate of inter rater variability in visual 

scores.  The correlation between rater 1 and rater 2 was 0.93. 

UAS imagery for IDC phenotyping 

In the first step of the image analysis pipeline, plant canopy was masked from the 

soil using k-means clustering (Figure 2-3), an unsupervised machine learning approach 

that has been successfully used in many agriculture applications (Bauckhage and 

Kersting 2013; Wahabzada et al. 2015).  This approach resulted in an overall 

classification accuracy of greater than 95%.  The user accuracy was 94% and 97% for 

soil and plant classification, respectively.  Table 2-2 is a confusion matrix highlighting 

the results of the accuracy assessment of this classification.   
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Previous studies have utilized a variety of techniques to mask plant canopies.  In a 

publication by Yu et al. 2016, for example, plant and soil classification was achieved 

using a random forest model and resulted in an accuracy of 99.9% (Yu et al. 2016b).  The 

results here had an accuracy of 95.6%, however, plants under chlorosis or necrosis stress 

result in spectral properties very similar to that of the soil background.  In addition, many 

misclassification errors occurred at the edges of the canopy where soil and plant canopy 

pixels were overlapping.  One advantage of this study, however, is the ability to classify 

plant and soil without training data.  The unsupervised classification approach using k-

means clustering resulted in pixels with similar spectral values being clustered together.  

This clustering occurs with no former knowledge or input, and can often provide new 

insights into the data (Singh et al. 2016).  With supervised approaches such as the 

random forest, a training data set must be generated by manually interpreting the classes 

pixels belong to.  Other studies have used thresholding approaches to differentiate plants 

from soil.  In these scenarios, the image is often thresholded based on the hue, saturation, 

value format of the image or based on indices or ratios of different color bands (Karcher 

and Richardson 2005; Naik et al. 2017; Xavier et al. 2017).  

The percent green, yellow, and brown pixels were also classified using a similar 

approach as the plant canopy classification (Figure 2-3).  These features were used in two 

different machine learning models (random forest and neural network) to predict IDC 

severity scores.  The confusion matrices for the random forest models for date 1 and date 

2 are shown in Tables 2-3 and 2-4 for date 1 and date 2, respectively.  Overall, the 

classification accuracy was 68% for date 1 and 77% for date 2.  The increase in 
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classification accuracy between date 1 and date 2 is likely the result of the size of the 

plants, with more pixels representing plant material at date 2 than at date 1. 

The average canopy coverage of each plot can indicate the overall biomass and 

light interception of the plots.  Canopy coverage was thus calculated as the ratio of “plant 

classified pixels” to “soil plus plant classified pixels” and compared across the five 

different severity classes.  The average canopy coverage for each IDC class was as 

follows: class 1 = 0.264, class 2 = 0.246, class 3 = 0.189, class 4 = 0.096, and class 5 = 

0.039.  Each of these levels was considered significantly different from each other class 

at the 0.05 probability level using Tukey’s honest significant difference, indicating the 

IDC score explained variation in plot biomass.   

UAS imagery is a reliable measure for detecting differences among entries 

Another method to test the suitability of the UAS scores is to test if the scores can 

differentiate between entries in the field.  A common procedure for this assessment is to 

calculate the LSD for comparing performances of breeding lines in typical randomized 

field trials.  For reporting of variety trials, a relaxed significance threshold (e.g., P < 0.20) 

is commonly used for declaring differences among varieties to increase power and reduce 

type II errors. Based on this, if the LSD is low, the precision of the data is higher, and the 

researcher is better able determine differences among breeding lines.  The LSD values 

from the ground-based data and the UAS data were compared among the 36 experimental 

trials, or sets of lines, for both dates of data collection.  In 32 of the 36 trials on date 1 and 

33 of 36 trials on date 2, the LSD was smaller when using the UAS IDC scores in the 

linear model compared to the visual scores (Figure 2-4).  There was an average 0.15- and 

0.20-point reduction in LSD (ranging from 0.35 increase to a 0.50 decrease) with UAS 
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scores compared to the visual scores for date 1 and date 2 respectively.  This reduction in 

LSD indicates that the UAS data is more precise than visual scores and offers appropriate 

information for use in a breeding program.    

Many previous studies have shown great success and accuracy in collecting 

phenotypic traits from unmanned aircraft systems both in soybeans and in other crops 

(Haghighattalab et al. 2016; Holman et al. 2016; Neely et al. 2016; Yu et al. 2016b).  In 

addition, previous studies have successfully used image-based methods for classifying 

and quantifying soybean IDC stress (Naik et al. 2017; Zhang et al. 2017b).  However, to 

date, no study has demonstrated combining the powers of high-throughput image 

collection from unmanned aircraft systems with image-based classification for IDC.   

UAS imagery compared to other methods for IDC assessment and limitations 

Previous studies have tested the use of image analysis procedures to quantify IDC 

stress (Singh et al. 2016; Naik et al. 2017; Bai et al. 2018a).  Their approaches achieved a 

mean per class accuracy of ~96% and 81%.  While the previous studies showed relatively 

high accuracy, the throughput of taking photos from a tripod or pushcart is much lower in 

comparison to a UAS.  Spatial resolution achieved, however, was much higher (6 

pixels/mm from tripod compared to 1.6cm/pixel from the UAS).  This decrease in spatial 

resolution resulted in blending of pixels and thus less resolution to depict subtle changes 

of individual leaves becoming chlorotic.   

For this study, a flight path was chosen to cover a large area within one UAS 

battery life, and to limit variation in sun positioning and cloud shadows during flight, as 

these variables are known to present problems with image analysis applications.  Future 

research should be done to test if an increase in spatial resolution through improved 
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camera sensors or lower flight altitudes would improve predictive abilities.    Care should 

be taken to ensure that flights conducted limit shadowing caused by soybean plots by 

flying near solar noon, and that the cloud cover during flights be consistent – full cloud 

cover or no cloud cover is optimum. The system presented in this paper reduced flight 

time by flying at a higher altitude and will allow researchers to achieve a much higher 

temporal assessment of IDC severity as well as the ability to rate more plots in any given 

growing season. 

Additionally, the confusion matrices show that many of the misclassified scores 

are mostly between nearby classes.  If a breeder simply wishes to select against scores of 

4 or 5, for example, the UAS image-based scores would be very adequate for breeding 

purposes.  To test this, scores of 4 and 5 were binned together as “high stress” and scores 

of 1, 2, and 3 were binned together as “low stress.”  The overall accuracy of the random 

forest model in correctly placing the entries into these two categories was 89%.    

A final caution that researchers should consider in employing UAS imagery for 

IDC detection is that other soybean stresses or field variables may mimic IDC symptoms 

detected by image analyses.  One major biotic factor to soybean production, for example, 

is soybean cyst nematode.  Research plots may experience stunting and chlorosis from 

nematode presence, which could be rated as IDC susceptible using this system.  In 

addition, healthy weeds in the field would be detected by this system as healthy 

vegetation, and thus, healthy plots.  These cautions were addressed by site selection with 

limited known off-target stressors and by proper weed control prior to all UAS flights, 

and should be considered by researchers wishing to employ this technology.     
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Conclusions 

In this study, we achieved high efficiency in collecting data with autonomous 

UAS flights, greater than 77% accuracy in classifying plots on a 1-5 severity scale, and 

confidence in this system for IDC assessment through an average reduction in LSD 

values across a series of experimental trials.  This method is high-throughput, objective, 

and more precise than traditional ground based visual assessments.  In addition, it allows 

researchers to collect information from more plots in a given year and at a much higher 

temporal frequency than before.   
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Tables and Figures 

 

Table 2-1.  Pipeline for image capture and analysis for iron deficiency chlorosis 

assessment.  The flight path is set up in Pix4D capture with 70% overlap of images.  

Individual photos are orthomosaiced in Pix4D and K-means clustering is used to mask 

the plants from the soil background.  An additional classification of green, yellow, and 

brown pixels is performed on the plant objects.  In QGIS, plots are defined, and the 

proportions of green, yellow, and brown pixels are extracted from each plot.   Finally, 

predictions are made to correlate these three features with ground based visual score 

estimates rated on a one through 5 scoring system. 
Category: Step: Details: 

UAS image 

collection 

Set up UAS  DJI Inspire 1 with Sentera Double 4K sensor 

Prepare flight path AgVault mobile app or Pix4D capture app 

Fly UAS for data 

collection 

70% image overlap, 61m altitude 

Image 

Orthomosaic 

using Pix4D 

Initial Processing Key points extraction and matching, camera 

model optimization, geolocation 

Point Cloud and Mesh Point densification and 3D textured mesh 

creation, insert ground control points 

Digital surface model, 

Orthomosaic, and index 

Creation of digital surface model, 

Orthomosaic, reflectance map, and index 

map 

Image Processing 

Plant and soil 

classification  

K-means clustering and recode to plant and 

soil 

Green, yellow, brown 

pixel classification 

K-means clustering on masked canopy and 

recode to green, yellow, brown  

Neural Network/Random 

Forest with ground data 

Subset into training and validation sets, 

ground based data is response variable and 

green, yellow, brown pixel counts are used as 

features 
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Table 2-2.  Accuracy Assessment of pixel-based classification method for plant and soil 

classification.  One thousand random points were generated and placed on the 

orthomosaiced image using the equalized random sampling method.  The predicted data 

was generated from k-means clustering and the reference data was manually created 

using visual observations of the images.  Accuracy assessment results were generated 

using ERDAS IMAGINE software.  An overall classification of 95.6% was achieved  
  Reference data   

  Soil Plant Row Total User accuracy (%) 

Predicted 

data 

Soil  469 31 500 93.8 

Plant 13 487 500 97.4 

Column Total 482 518 1,000  

Producer accuracy (%) 97.3 94.0   

Overall accuracy (%) = 95.6     
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Table 2-3.  Random forest confusion matrix for date 1 of data collection (July 12).  The 

% green, % yellow, and % brown pixels from each of the research plots were used as 

features in a random forest model.  This confusion matrix shows how well the random 

forest model predicted the iron deficiency chlorosis (IDC) score from ground-based 

reference data where each plot was rated on a one through five scale.  The overall 

accuracy was 68%.   
  Reference data    

  1 2 3 4 5 

Predicted 

data 

1  76.4% 22.8% 0% 0.8% 0% 

2 14.3% 68.2% 16.1% 1.2% 0.2% 

3 0.8% 19.2% 65.3% 14.7% 0% 

4 0% 3.9% 19.7% 61.9% 14.5% 

5 0% 0% 0% 100% 0% 

Overall accuracy (%) = 68%     
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Table 2-4.  Random forest confusion matrix for date 2 of data collection (August 1).  The 

% green, % yellow, and % brown pixels from each of the research plots were used as 

features in a random forest model.  This confusion matrix shows how well the random 

forest model predicted the iron deficiency chlorosis (IDC) score from ground-based 

reference data where each plot was rated on a one through five scale.  The overall 

accuracy was 77%.   
  Reference data    

  1 2 3 4 5 

Predicted 

data 

1  85.1% 14.9% 0% 0% 0% 

2 10.4% 79.6% 9.3% 0.5% 0.2% 

3 0.2% 13% 74% 12% 0.8% 

4 0% 0.6% 9.9% 73.6% 15.9% 

5 0% 0% 3.1% 18.4% 78.5% 

Overall accuracy (%) = 77%     
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Figure 2-1.  Soybean iron deficiency chlorosis testing field site location near Danvers, 

MN.  The field used in this study is located in Six Grove Township, MN (45.274285, -

95.718046) in Swift County.  The yellow circles highlight the nine ground control points 

in the field for geometric calibration and the red squares highlight the radiometric 

calibration panels.  These panels were painted with four levels of grey for empirical line 

method calibration.  Overlaid to the field orthomosaic is a vector file delineating the plot 

boundaries of 3,386 soybean plots.  Each plot boundary is colored based on the trial each 

plot belongs to. A total of 36 trials was grown.       
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Figure 2-2.  Relationships between two dates of iron deficiency chlorosis (IDC) severity 

(A) and two separate raters scoring plots (B).  IDC severity was measured on a total of 

3,386 plots on both July 12 and August 01. The correlation of ratings between date 1 and 

date 2 was found to be 0.80.  A subset of 252 plots were measured by two independent 

raters on date 1. The correlation of ratings between raters was found to be 0.93. 
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Figure 2-3.  Iron deficiency chlorosis classification.  The Orthomosaic (top) is first 

classified into plant and soil pixels (bottom left).  The plant pixels are then classified in a 

second step to green pixels (%G), yellow pixels (%Y), and brown pixels (%B) (bottom 

right).  These features are then related back to ground-based visual scores through 

random forest and neural network models to classify tolerant and susceptible plots. 
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Figure 2-4.  A total of  36 trials consisting of soybean breeding lines, each arranged in a 

randomized complete block design in the field, were analyzed using a linear model for 

both visual score and unmanned aircraft system (UAS) predicted values on both dates 

(July 12 and August 01).  Bars indicate the least significant difference (LSD) values to 

separate mean scores of breeding lines for each trial in the field.  In 31 of the 36 trials on 

date 1 (top) and 33 of 36 trials on date 2 (bottom), the LSD was decreased when using the 

UAS predicted IDC scores (black inside bars in the linear model compared to the visual 

scores (dashed outside bars). 
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Chapter 3 - Soybean cyst nematode and iron deficiency chlorosis do not 

interact to reduce seed yield 
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Summary 

Soybean cyst nematode (SCN) and iron deficiency chlorosis (IDC) are major 

yield limiting factors to soybean production.   In the case of SCN, the nematodes reduce 

yield by penetrating and feeding on the roots and robbing the plant of energy, whereas 

with IDC the plants cannot take up what iron is in the soil.  Both IDC and SCN are 

difficult to manage, dynamic, are likely acting together in the field, and a better 

understanding of their interaction would allow for a more comprehensive management 

plan for farmers with IDC and SCN stress.  The goals of this study were to quantify in 

season plant stress using remote sensing tools and investigate how IDC and SCN stress 

interact to impact yield and SCN reproduction.  In 2017, 2018, and 2019 a total of nine 

fields were identified that had documented histories of both IDC and SCN.  A range of 

treatments were added to change the levels of IDC and SCN stress in a randomized 

complete block factorial design.  Results from this three-year study showed that the 

treatments independently created IDC and SCN severity symptoms and associated 

differences in normalized difference vegetation index data and yield.  Nematode 

reproduction was significantly impacted by varietal resistance and was not impacted by 

IDC treatment.  An interaction between IDC and SCN treatments was not found for yield, 

nematode reproduction, or severity symptoms suggesting these stresses act additively.         

 

 

 

 



 

42 

 

Introduction 

Soybean cyst nematode (SCN, Heterodera glycines Ichinohe) and iron deficiency 

chlorosis (IDC) are two soil-borne stresses that have a major economic impact on 

soybean production [Glycine max (L.) Merr.](Clark 1982; Hansen et al. 2003; Peiffer et 

al. 2012).  Soybean cyst nematode is widely distributed among major soybean growing 

regions and is the number one yield limiting pathogen of soybean in the United States 

(Tylka and Marett 2014; Allen et al. 2017).  In addition to SCN, IDC impacts 

approximately 1.8 million hectares in the United States (Hansen et al. 2003).  In the case 

of SCN, the nematodes penetrate and feed on the roots causing the roots as well as above-

ground plant parts to become dwarfed and stunted, or in some cases reducing seed yield 

without showing aboveground symptoms (Wang et al. 2003).  On the other hand, IDC is 

caused by a lack of available iron [Fe(II)] to the plant.  While iron is abundant in almost 

all soils, deficiencies are caused by several factors and their interactions that change the 

solubility of iron in the soil (Brown et al. 1967; Cianzio and Fehr 1980; Silva and Uchida 

2000; Hänsch and Mendel 2009). 

Management practices for reducing the yield limiting effects of IDC and SCN have 

been studied previously.  Options for managing IDC include growing tolerant soybean 

cultivars, planting companion crops, reducing other forms of plant stress, and 

supplementing the soil with iron chelates (Naeve 2006; Kaiser et al. 2011).  The best 

option for managing IDC is to grow a tolerant soybean cultivar (Goos and Johnson 2001; 

Kaiser et al. 2014; Chatterjee et al. 2017; Martín-Fernández et al. 2017).  For managing 

SCN, resistant cultivars with genetic resistant sources including PI 88788 and PI 548402 

(often referred to as ‘Peking’) have been widely grown.  (Ross and Brim 1957; Concibido 
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et al. 1997; Chen et al. 2001; Zheng et al. 2006; Niblack et al. 2008; Tylka and Marett 

2014; Gardner et al. 2017; McCarville et al. 2017).  Fungicide products with the active 

ingredient ‘fluopyram’ have also been studied with variable results on their effect on 

nematode reproduction and yield (Bissonnette et al. 2020).   

Identifying IDC or SCN areas within a field is the first step for providing 

management recommendations.  While SCN is present in most fields, the lack of visible 

symptoms in some cases can make it challenging for producers to know which parts of 

their fields are infested (Wang et al. 2003). Symptoms of IDC also vary spatially within a 

field and identifying the problematic areas can be laborious.  Currently, soil sampling is 

the recommended approach to determine the presence and density of nematodes and to 

identify the soil chemical properties associated with IDC (Nutter et al. 2002; Naeve and 

Rehm 2006).  Remote sensing offers a method to diagnose and quantify problematic 

areas with high spatial resolution.  Such high spatial resolution of diagnosing problematic 

areas is an invaluable resource for producers to deploy specific crop management 

solutions.  Detecting both IDC and SCN stress has been reported previously, however, 

more research is needed to determine how these tools can be used to quantify stress and 

estimate yield losses for applications in precision agriculture (Nutter et al. 2002; Bai et 

al. 2018b; Dobbels and Lorenz 2019).  

Studies have shown that IDC and SCN are co-occurring in farmer’s fields.  One 

major feature to this phenomena is that high soil pH makes both iron unavailable and 

increases nematode reproduction (Duggan 1963; Francl 1993; Hansen et al. 2004; 

Rogovska 2006; Rogovska et al. 2007, 2009; Pederson et al. 2010; Melakeberhan et al. 

2013; Vasconcelos and Grusak 2014; Assefa et al. 2020a).  In addition, previous reports 
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have shown that nematodes are present in all major soybean production regions (Tylka 

and Marett 2014).  The fact that IDC and SCN coexist makes research, breeding efforts, 

and management recommendations more complicated; and a better understanding of their 

interaction will help farmers and researchers develop more comprehensive management 

plans. 

Previous research has been conducted to test a range of genotypes resistant and 

susceptible to both SCN and IDC in a factorial arrangement (Chen et al. 2007).  In that 

study, Chen et al. studied the effects of genetic resistance to both SCN and IDC and the 

corresponding influence on yield, nematode reproduction, and chlorosis symptoms.  They 

found that having resistance to SCN reduced symptoms of IDC, IDC resistance increased 

SCN reproduction, and resistance to either SCN or IDC increased soybean yield, thus 

indicating an interaction between these two stressors.  It was recommended based on 

these findings that SCN and IDC management be site specific, but SCN resistance would 

be preferred if both problems exist in a given field.  A major limitation to previous 

findings was that the treatments were limited to cultivars with varying levels of IDC 

tolerance and SCN resistance.  The previous study did not have gradients of nematode 

populations or gradients of soil conditions for IDC at each field site, due to difficulty in 

finding such sites (Chen et al. 2007).  However, IDC can be induced by adding urea to 

the soil and IDC can be reduced by adding iron chelates to the soil (Bloom et al. 2011b; 

Gamble et al. 2014).      

Many factors will alter the levels of both IDC and SCN in a given environment.  

Management practices determined by the grower such as the decision of what cultivar to 

plant, what nutrients to apply, planting population, etc. can alter the yield potential in 
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each field.  The objectives of this study, therefore, were to alter IDC and SCN stress in a 

factorial combination to i) quantify in season plant stress using remote sensing tools and 

ii) investigate how IDC and SCN stress interact to impact yield and SCN reproduction. 

Materials and Methods 

Research environments 

On-farm experiments were conducted in western Minnesota at three locations per 

year in 2017, 2018, and 2019 within the counties of Redwood, Swift, Renville, 

Chippewa, and Yellow Medicine (Table 3-1).  Locations were determined based on 

previous IDC and SCN pressure provided by farmer cooperators and available satellite 

and soil sampling data.  The term environment, herein, refers to a geographically unique 

environment by year combination, numbered 1-9.  Environments 1-3, 4-6, and 6-9 refer 

to environments in 2017, 2018, and 2019 respectively.    

Composite soil samples (0-15cm) were collected prior to planting at each of the 

locations for common soil chemical factors.  Samples were oven oven-dried at 40˚C and 

analyzed at the research analytical laboratory of the University of Minnesota.  Samples 

were analyzed for available nutrients (K, Mn, Zn, Cu, Fe), soil electrical conductivity 

(EC), pH, calcium carbonate equivalent (CCE), Olsen-P, and organic matter (OM) 

according to the Recommended Chemical Soil Test Procedures for the North Central 

Region (1988).  In addition, composite soil samples were collected in each block of the 

field for nematode egg counts and an Heterodera glycines (HG) type test of the nematode 

populations present in the field according to previously developed procedures (Riggs and 

Schmitt 1988; Niblack et al. 2002).  Research plots were planted with a precision 

research planter when conditions were suitable in either late May or early June for each 

environment (Table 3-1).  Cultivars were seeded in four-row plots 7.9 meters in length 
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with a 76 cm spacing between each row.  The soybeans were planted at 407,407 seeds per 

hectare.    

Weather data including average daily temperatures and accumulated rainfall was 

gathered from High Plains Regional Climate Center (HPRCC, Lincoln, NE, 

https://hprcc.unl.edu/).  Average daily temperature was plotted by year and accumulated 

rainfall was plotted by individual environments.  Rainfall data is displayed as total 

rainfall for each month during the growing season.      

Experimental treatments and design 

Treatments were designed to create a range in both IDC stress and SCN damage so 

that the main and interaction effects of these two stresses could be studied.  Twenty-four 

treatment combinations were arranged based on a factorial combination of “IDC 

tolerance, (2 levels)” “SCN resistance, (4 levels)” and “IDC application (3 levels) 

(Supplemental table 3-1).”  Six commercial soybean cultivars, ‘S14-J7,’ ‘PB-1611R2,’ 

‘AG1733,’ ‘AG14X7,’ ‘7169,’ ‘7186,’ were specifically chosen based on both IDC 

tolerance and SCN resistance as well as having similar maturity group ranges.  A 

description of each cultivar including IDC tolerance rated on a “1-9” scale according to 

the seed company, IDC tolerance category (tolerant or susceptible), source of resistance 

to SCN (‘Peking’, ‘PI 88788’, Susceptible), and relative maturity can be found in Table 

3-1.   

Soybean cyst nematode treatments include three levels of SCN varietal resistance 

including Peking, PI 88788, and Susceptible.  In addition, a fourth treatment was 

included by adding a fungicide (active ingredient, fluopyram) to the Peking sources of 

resistance with the goal of completely eliminating SCN pressure.  Fluopyram was 

https://hprcc.unl.edu/
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supplied as Velum Prime (Bayer Crop Science, St. Louis, Missouri) at 0.5 L/ha (0.25 kg 

Fluopyram/ha) in furrow during planting. 

The IDC application treatments were introduced to create a range in IDC stress 

conditions.  It has been shown that NO3- is a causative factor in IDC stress and that iron 

chelates can remove chlorosis symptoms (Bloom et al. 2011a; Gamble et al. 2014).  

These treatments were applied on the furrow directly following planting.  Fertilizer 

nitrogen was supplied as granular urea CH₄N₂O (46–0-0) (Loveland Products, Inc., CO) 

at 222.2 kg urea/ha (102.2 kg N/ha), ortho-ortho Fe EDDHA was supplied as liquid 

Soygreen® (West Central, INC, Wilmar, MN) at 3.73 L/ha (0.08 kg chelated iron/ha), 

and  fluopyram was supplied as Velum Prime (Bayer Crop Science, St. Louis, Missouri) 

at 0.5 L/ha (0.25 kg Fluopyram/ha).  

The experimental design for this study was a randomized complete block design with 

four replications in each environment. A full table of the 24 treatment combinations can 

be found in supplemental table 3-1.      

Data collection 

  Normalized difference vegetation index (NDVI) measurements were collected on 

plots every week during the growing season in each environment. The measurements 

were collected using an active sensor on the ground and NDVI collected from an 

unmanned aircraft system (UAS). 

Ground based NDVI was collected from the second row of each plot using a Crop 

Circle, model ACS-430 (Holland Scientific, Lincoln, NE).  The Crop Circle was run 

approximately one meter above the canopy to collect approximately 50 spectral 
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measurements per plot.  The individual spectral measurements were averaged for further 

analysis.             

An unmanned aircraft system (UAS) was flown to collect passively sensed NDVI 

data.  A similar platform and data analysis pipeline was used as previously reported 

(Dobbels and Lorenz 2019).  Briefly, flights were conducted using an Inspire 1 UAS 

equipped with a modified dual camera system (Sentera Double 4K sensor, Sentera, MN) 

which allowed for the capture of red (R), green (G), blue (B) images along with a second 

camera modified to capture R, G, near-infrared (NIR) images.  Flights were conducted at 

a 61-meter altitude at a UAS flight speed of 5 m/s.  Resulting images had a 1.6 cm 

ground sample distance.  Four ground control points (GCPs) were placed in the corners 

of each field for geometric calibration, with the known location of each GCP collected 

with a handheld Garmin device (Garmin eTrex® 20x, Garmin, Lenexa, KS).  

Orthomosaics were generated for each flight mission using Pix4D desktop (Pix4D, SA).  

A template provided by the camera manufacturer was used to calculate NDVI values 

correcting for the quantum efficiency of the sensor.  With this sensor, the true red 

radiance is equal to 0.706*(R – B) and the NIR radiance is equal to the imager blue.  The 

NDVI was then calculated using the final equation:  NDVI = (1.706*B - 0.706*R) / 

(0.294*B + 0.706*R).  A shape file was generated to delineate the center two rows of 

every four-row plot using QGIS.  The average NDVI value of every plot was extracted 

using the zonal statistics plugin of QGIS. 

Visual IDC ratings were collected weekly from the center two rows of every plot by 

an experienced rater who understands IDC conditions according to Supplemental Figure 

1.  With this scale, a score of one is given to plots showing no signs of yellowing, a score 
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of two is given to plots with slight yellowing, a score of three is given to plots with 

moderate yellowing, a score of four is given to plots with intense yellowing and some 

necrosis, and a score of five is given to plots with severe necrosis and some plant death.   

Yield was collected by harvesting the center two rows of each plot with a small-plot 

combine and adjusted for 13% moisture (Spc 20 in 2017/2018 and Spc40 in 2019, 

Almaco, Nevada, IA). Grain mass and moisture content were recorded in-field, and a 

500-gram subsample was retained for compositional analysis. Protein and oil were 

analyzed using near-infrared (NIR) spectroscopy at the University of Minnesota NIR 

Spectroscopy Laboratory (St. Paul, MN) using a Perten DA7200 diode array instrument 

(Huddinge, Sweden) equipped with calibration equations developed by Perten in 

cooperation with the University of Minnesota. 

Soil sampling for SCN was conducted both at the beginning of the season and at the 

end of the season to determine the reproduction factor (RF) on each plot, as well as the 

sample HG type.  Prior to planting, a composite soil sample made up of at least 100 cores 

was collected from each of the four blocks in each environment.  At harvest, composite 

soil samples consisting of ten cores each were collected from the center two rows of 

every four-row plot in each environment.  Soybean cyst nematode egg counts were 

conducted at the Nematology Lab at the University of Minnesota Southern Research and 

Outreach Center in Waseca, MN.  The RF was calculated by dividing the final SCN 

eggs/100cc soil by the initial SCN egg/100cc soil.  A partial HG test was conducted by 

calculating the female index (FI) on three differentials [PI 88788, PI 548402 (Peking), 

and Williams 82 (susceptible)]  in a lab test by dividing the mean number of females that 

developed on each indicator line by the mean number of females on the susceptible check 
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and multiplied by 100 (Niblack et al. 2002).  Soil for the partial HG test was collected in 

the spring of each year from each site.   

Data analysis 

In season traits of UAS-based NDVI, Crop Circle NDVI, and visual scores were 

compared to final grain yield using Pearson correlations.  Pearson correlations were 

computed at each time point of data collection for each of the nine environments.  The 

remotely sensed data collected on date seven, final grain yield, and nematode 

reproduction factor were analyzed for treatment effects.  The restricted maximum 

likelihood (REML) mixed model analysis was performed using JMP PRO version 14.0.0 

(SAS Institute Inc., Cary, NC).  Analysis of variance (ANOVA) was used to test the fixed 

effects of the factorial arrangements of IDC treatment, IDC genotype, and SCN resistance 

level and their corresponding two and three-way interactions.  All models included the 

random effect of block.  Environment was first considered a fixed effect in the model to 

test for variation among sites.  Due to a significant treatment by environment interaction 

and variation across environments, a separate analysis was performed within each 

environment to test for treatment effects.  The three-way interaction term was not 

significant, and was thus excluded from the model to help evaluate the hypothesis of 

other fixed effects.  Means for all response variables were separated using Fisher’s LSD 

at p ≤ 0.05.  Tukey’s honest significant difference was used as a post-hoc test for 

comparing group means where a significant difference was found.  All letters not 

connected by the same letter were considered statistically different with a p-value less 

than 0.05.   
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Results  

Research environments 

 Soil sampling was conducted prior to planting to confirm the presence of SCN 

eggs, determine SCN HG type, and to measure soil chemical properties in each of the 

nine environments.  Table 3-1 summarizes the research environments in terms of 

location, soil type, soil chemical properties, initial soybean cyst nematode counts, and 

HG type test results including the female index on both Peking and PI 88788 indicator 

lines.  While sites with high levels of IDC and large populations of SCN were targeted, 

there was a range in average yield and nematode reproduction factor (RF) across the nine 

environments (Figure 3-1a).   

Across the nine environments sampled, soil pH averaged 7.6 (range 7.1 – 7.9), 

calcium carbonate equivalent (CCE) averaged 10% (range 7.5 – 14.3%), EC averaged 

1.02 mmhos/cm (range 0.5- 1.38mmhos/cm), and abundance of DTPA-iron averaged 

22.3 mg/ kg soil (range 7.8 – 35.3 mg/kg soil).  A range of initial SCN egg densities at 

planting, SCN reproduction, as well as lab test results for HG-type testing were collected 

and reported (Table 3-1).  The average SCN egg density at planting was 1,885 

eggs/100cc soil (range 422 - 4,753 eggs/100cc soil).  The female index (FI) on indicator 

line PI 88788 from the in lab test averaged 19.1 (range 6.3 – 58.5) and the FI on indicator 

line Peking averaged 4.2 (range 0.6 – 14.8).  The average RF in the field from the nine 

environments was 4.3 (range 1.0 – 11.5).   

Research environments were monitored for rainfall and temperature.  The 

temperature trends were consistent within a year, while the rainfall was location 

dependent within a given year (Figure 3-2).  Total rainfall accumulation during the 
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growing season averaged 65.3cm (range 53.7 – 98.3 cm) across the nine environments.  

All environments had similar trends in terms of average daily temperature (Figure 3-2). 

In season field evaluation of plant stress 

 Data was collected approximately weekly for ten weeks during the growing 

season of each environment using three different methods including visual severity 

scores, crop circle NDVI, and NDVI collected from a UAS.  Pairwise correlations were 

performed between yield and data collected from each of these three methods at each of 

the ten dates of data collection (Figure 3-3).  Environment three was excluded from this 

analysis due to insufficient data collection.  Pearson correlation to yield averaged 0.72 for 

UAS, 0.57 for crop circle, and 0.59 for visual score, on average, across all 9 

environments and all 10 dates of data collection.  The UAS-NDVI measurements 

provided the highest correlation to yield, on average, across all dates of data collection.   

Previous studies have been conducted to test corresponding yield responses to 

changes in visual score data (Froechlich and Fehr 1981).  In previous reports, it was 

determined that for every one point increase in IDC severity score, there was an average 

20% yield loss.  To examine this in our study, the slope coefficient of the linear 

regression model between visual score and yield was computed.  On average across all 

dates of data collection and all environments, it was determined that for every one point 

increase in IDC score, there was a 569.1 kg/ha seed yield loss at harvest (range 9kg/ha – 

1195 kg/ha).  Supplemental table 3-2 shows the slope coefficients for all nine 

environments for each date of data collection.    
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Treatment effects on NDVI, yield, and nematode reproduction 

Analysis of variance (ANOVA) was used to test the fixed effects of the factorial 

arrangements of IDC treatment, IDC tolerance, and SCN resistance level and their 

corresponding two and three-way interactions (Tables 3-3 to 3-5).  For UAS-based 

NDVI, the main effect of IDC treatment (urea, control, Soygreen) was significant in 

seven of the nine environments; the main effect of SCN resistance (Peking + fluopyram, 

Peking, PI 88788, susceptible) was significant in one of the nine environments; and the 

main effect of IDC tolerance (tolerant vs. susceptible) was significant in three of the nine 

environments.  When averaged across all sites, all three main effects had a significant 

effect on NDVI (Table 3-3).  There were no observed significant interactions between 

IDC treatment and SCN treatment on UAS-based NDVI.       

For yield, the main effect of IDC treatment was significant in six of the nine 

environments; the main effect of SCN resistance was significant in five of the nine 

environments; and the main effect of IDC tolerance (tolerant vs. susceptible) was 

significant in three of the nine environments (Table 3-4).  When averaged across all 

environments, all three main effects were significant (Table 3-4, figure 3-1b and 3-1c).  A 

post-hoc test was performed to test mean differences for the IDC application treatments 

of urea, control, and iron chelates (Table 3-4).  Overall, the application of treatments on 

the furrow at planting successfully created a range in symptoms and seed yield.   

Cultivars with varying levels of IDC tolerance were tested in this study in 

addition to the application treatments of urea and Soygreen (Figure 3-5).  The main effect 

of IDC genetic tolerance on NDVI and yield was significant in three of the nine 

environments (Tables 3-3 and 3-4).  The interaction between IDC tolerance and IDC 
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application treatment was significant for yield in environments 6,7 and 9 (Table 3-3 and 

3-4).     

The SCN source of resistance had a significant effect on NDVI in only one 

environment, but this effect was not significant on average across the range of 

environments tested (Table 3-3).  The SCN source of resistance had a significant effect 

on yield in five environments, and on average across the range of environments (Table 3-

4, Figure 3-6).  However, nematode reproduction was significant in all nine environments 

(Figure 3-5).  In three of the five environments, there was a significant effect of yield 

without showing differences in NDVI values.  In four of the nine environments, a 

significant difference was found for nematode reproduction with no significant difference 

in yield.  In all nine environments, the application of the active ingredient fluopyram, had 

no significant improvement on yield or nematode reproduction when added on top of the 

Peking source of resistance.  However, there is no evidence in this study to support if that 

same application of fluopyram would alter levels when applied to a susceptible or PI 

88788 source of resistance.                

IDC treatments and SCN resistance interactions 

A main objective of this study was to test for an interaction between IDC and SCN 

treatments.  In the range of nine environments tested, no interaction was found between 

these two treatments for NDVI, yield, or nematode reproduction (Tables 3-3, 3-4, 3-5, 

Figure 3-8).  Based on this finding, the two stresses appear to act independently to alter 

yield and nematode reproduction.  In other words, the nematodes reproduce on SCN 

susceptible soybean plots regardless of the amount of IDC stress occurring on said plots 
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(Table 3-5).  In fact, heavily IDC-stressed soybean plants that are yellow, stunted, and 

produce low yields will actually support high levels of nematode reproduction.   

Discussion  

Research environments 

   Soybean IDC is associated with soil pH, carbonates, ionic strength in the soil 

measured using electrical conductivity (EC), abundance of extractable iron, soluble salts, 

and water content  (Jessen et al. 1988; Silva and Uchida 2000; Hansen et al. 2003; Naeve 

and Rehm 2006).  Based on the soil analysis results, we expected and observed moderate 

to high IDC symptoms in all environments excluding environment three (Hansen et al. 

2003; Naeve and Rehm 2006).  Compared to all other environments, environment three 

had the lowest soil pH (7.1), the lowest EC value (0.5 mmhos/cm), and the highest 

amount of plant available iron (35.3 mg/kg soil).  Our results confirmed the presence of 

IDC at all sites and a lack of IDC stress at environment 3 (Table 3-3 and 3-4). 

An increased amount of NO3-in the soil has been shown to be associated with an 

increased level of IDC (Bloom et al. 2011b; Kaiser et al. 2011).  When the soybean plant 

uptakes NO3- from the soil, it does this in exchange for a bicarbonate ion, which buffers 

soil pH changes.  Bloom et al. (2011) showed that the addition of Fertilizer N, supplied as 

urea (46–0-0) significantly decreased yield.  By adding urea on the furrow at planting, it 

was hypothesized that the level of chlorosis symptoms would increase, and the resulting 

yield would significantly decrease.  In addition, it has been shown that iron chelates can 

be added to the soil in the ortho-ortho chelated iron form to reduce the level of chlorosis 

symptoms, thus resulting in an overall increase in soybean yield (Wiersma 2005; Gamble 

et al. 2014).  The effect of adding urea and iron chelates on yield was significant in six of 

nine environments (Table 3-4). These treatments had only a slight effect on nematode 
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reproduction in a single environment (Table 3-5).  Our results are in agreement with the 

literature findings on the effects of these treatments (Goos and Johnson 2000; Bloom et 

al. 2011b; Kaiser et al. 2014). 

Field evaluation of plant stress 

Soybean stress was monitored approximately weekly within each environment.  

Traditional methods of collecting in-season severity notes for IDC or SCN are typically 

based on subjective visual ratings on a 1-5 scale (Cianzio et al. 1979).  With recent 

advances in remote sensing, however, there is growing interest to objectively collect plant 

health information in a more high-throughput fashion (Nutter et al. 2002; Singh et al. 

2016; Bai et al. 2018a; Dobbels and Lorenz 2019).   

An unmanned aircraft system (UAS) was deployed in this experiment and 

compared to a ground based active sensor as well as traditional visual scores.  When 

correlating the three different measurements to yield (an indicator of accumulative plant 

growth and development), the UAS-based NDVI measurement provided the highest 

Pearson correlations both across environments and across time (Figure 3-3).  Compared 

to the visual score notes, the UAS measurement is completely objective, and compared to 

the crop circle, the UAS-based NDVI measurement is capturing both center rows 

(compared to a single row) and has less variability based on height of sensor and field of 

view.  Finally, the UAS-collected data is the most efficient method for collecting large 

amounts of remote sensing data over the shortest period of time and can be expanded to 

larger research trials.  Given the efficiency of data collection with the UAS, it would be 

interesting to test measurements in large scale field operations to identify and diagnose 

problematic areas for further investigation. 
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It has also been shown that yield losses from SCN could occur without any visible 

symptoms in the field (Wang et al. 2003).  In our study, only one environment showed 

significant differences in UAS-based NDVI measurements among SCN resistant and 

SCN susceptible genotypes; however, five environments had significant yield differences 

and all nine environments had significant RF differences.  In a previous study, reflectance 

values explained up to 60% of the variation in SCN population densities, however, these 

previous studies showed a much larger range in initial SCN densities with sites having as 

many as 12,000 eggs/100cc (Nutter et al. 2002).  It would be interesting to deploy a 

UAS-based system on larger field settings to flag potential high risk areas for subsequent 

field scouting or soil sampling.  It would also be beneficial to test these measurements 

across a larger range of SCN densities.     

Influence of SCN sources of resistance on yield and nematode reproduction 

Soybean cyst nematode sources of resistance had a significant effect on yield, on 

average, across all environments.  There were, however, four environments that did not 

show a significant SCN treatment effect on yield (Table 3-4).  While the field conditions 

did not have extreme levels of SCN population densities at planting, damage can occur 

with as low as 10 to 50 eggs/100cc soil (Niblack et al. 1992).  Chen et al. (2001) also 

reported significant differences among SCN resistant and SCN susceptible cultivars when 

the initial egg density was 1,000 eggs/100cc.  Yield differences between SCN resistant 

and susceptible cultivars tend to increase as initial SCN egg counts increase (Niblack et 

al. 1992; Koenning 2000; Chen et al. 2001).  Environment three had the highest 

difference between susceptible and resistant genotypes; however, in terms of initial egg 

counts, it was ranked fifth.  The environment with the highest initial egg counts 
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(environment eight) showed the fourth largest difference between resistant and 

susceptible cultivars.  Our study did not show a strong correlation between initial egg 

counts and observed yield loss (Supplemental table 3-4).    

The female index (FI) on indicator line PI 88788 and Peking was used to 

determine the HG-type of nematodes present using a lab test of soil samples collected in 

the spring (Niblack et al. 2002).  It was determined that environments 1,4,6,7,8, and 9 

were HG type 2, environments 2 and 5 were HG type 0, and environment 3 was HG type 

1.2 (Table 3-1) according to the 10% rule (Niblack et al. 2002).  There has been a 

growing number of fields with increased SCN virulence populations and SCN 

reproduction on resistant soybean varieties as reported by several surveys conducted in 

the Midwest and Canada (Zheng et al. 2006; Chen et al. 2010; Wu and Xue 2010; 

Acharya et al. 2016; McCarville et al. 2017).  Lab results provided a female index value, 

however, this data to determine virulence is an imperfect measurement of virulence that 

would occur on commercial varieties due to the quantitative nature of resistance (Anand 

1994; Cook et al. 2012).  Looking at RF results from the field, 3 of the 4 environments 

that were HG type 2 from the lab, showed significant reproduction differences between 

Peking and PI88788 in the field.  Environment 5 was determined to be HG type 0 from 

the lab; however, still showed significant differences in RF between Peking and PI 88788 

in the field.               

Recommendations based on study results 

The two stresses of IDC and SCN appear to act independently to alter yield and 

nematode reproduction.  The nematodes reproduce on SCN susceptible soybean plots 

regardless of the amount of IDC stress occurring.  The lack of interaction between IDC 
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and SCN on SCN reproduction is actually quite troubling.  It would be expected that 

factors reducing the host plant’s health will reduce the ability for the nematodes to 

reproduce (Chen et al. 2007).  We did not find this to be the case.  This finding may 

partially support the observation that SCN numbers increase at a much higher rate than 

expected in high pH soils. 

A lack of interaction between SCN and IDC levels suggests that farmers can manage 

IDC and SCN independently.  It is recommended to start by identifying the problem.  

Soybean IDC will be caused by soil chemical properties including pH, soluble salts, EC, 

and plant available iron.  Previous monitoring of soybean fields will also indicate likely 

problematic areas for IDC symptoms to occur.  Soil sampling for SCN is a required first 

step.  Based on the results of this study, the nematodes are reproducing on susceptible 

plots even when yield losses are not occurring.  For managing IDC, genetic tolerance is 

the first step, and adding iron chelates will also increase yield in severe IDC 

environments. Many previous studies have shown that genetic tolerance to IDC is the 

most important strategy for lessening IDC severity, and our findings support these results 

(Goos and Johnson 2000; Naeve 2006; Kaiser et al. 2014).   

  Variable rate of application of iron chelates would be recommended if available.  

Normalized difference vegetation index (NDVI) data collected from a UAS-based or 

satellite platform from previous seasons could be used to identify regions of the field that 

are more likely to have IDC stress conditions.  For SCN, identification of good SCN 

resistant varieties based on public variety trial reports, based on seed company advice, or 

through evaluation of varieties on farm is necessary.  Finally, continual monitoring of 

SCN levels is highly recommended.  
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Supplemental Material (Chapter 3) 

Supplemental Table 3-1: The 24 treatment combinations used to create the factorial 

arrangement of iron deficiency chlorosis (IDC) application treatment, soybean cyst 

nematode (SCN) resistance, and IDC tolerance used in this study.  Urea, none, and 

Soygreen were used for the IDC application.  Both tolerant and susceptible IDC cultivars 

(T vs. S) were also evaluated.  Finally, SCN genetic sources of resistance include 

susceptible (SCN susc.), PI 88788 and Peking sources of resistance.   

Treatment # 

 

Variety IDC application 

IDC 

Tolerance SCN Treatment 

1  S14-J7 Urea T SCN susc.  

2  S14-J7 None T SCN susc.  

3  S14-J7 Soygreen T SCN susc.  

4  PB-1611R2 Urea S SCN susc.  

5  PB-1611R2 None S SCN susc.  

6  PB-1611R2 Soygreen S SCN susc.  

7  AG1733 Urea T PI 88788 

8  AG1733 None T PI 88788 

9  AG1733 Soygreen T PI 88788 

10  AG14X7 Urea S PI 88788 

11  AG14X7 None S PI 88788 

12  AG14X7 Soygreen S PI 88788 

13  NuTech 7169 Urea T Peking    

14  NuTech 7169 None T Peking    

15  NuTech 7169 Soygreen T Peking    

16  NuTech7186 Urea S Peking    

17  NuTech7186 None S Peking    

18  NuTech7186 Soygreen S Peking    

19  NuTech 7169 Urea T Peking + Fluopyram 

20  NuTech 7169 None T Peking + Fluopyram 

21  NuTech 7169 Soygreen T Peking + Fluopyram 

22  NuTech7186 Urea S Peking + Fluopyram 

23  NuTech7186 None S Peking + Fluopyram 

24  NuTech7186 Soygreen S Peking + Fluopyram 
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Supplemental Figure 1.  Severity rating protocol for visual chlorosis scoring.  Visual 

scores were taken on a 1-5 scale.  A score of one is given to plots showing no signs of 

yellowing, a score of two is given to plots with slight yellowing, a score of three is given 

to plots with moderate yellowing, a score of four is given to plots with intense yellowing 

and some necrosis, and a score of five is given to plots with severe necrosis and some 

plant death.   
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Supplemental Table 3-2.  Slope coefficient for yield by visual severity score across ten 

dates and nine environments, reported in kg/ha.  For every one point increase in visual 

severity score, there was, on average, a corresponding decrease in yield in kg/ha.   

 Environment  
Date 1 2 3 4 5 6 7 8 9 Average: 

1 -65 -348 - -654 -738 -642 -322 -344 -400 -390 
2 -119 -327 - -660 -577 -674 -266 -272 -305 -356 
3 -65 -301 - -727 -780 -729 -261 -223 -427 -439 
4 -140 -367 - -822 -950 -826 -275 -302 -433 -514 
5 -179 -451 - -911 -881 -931 -272 -468 -607 -588 
6 -185 -503 - -932 -838 -925 -279 -492 -464 -577 
7 -194 -511 - -1072 -966 -1058 -297 -494 -472 -633 
8 -249 -608 - -902 -1059 -988 -280 -536 -546 -646 
9 -18 -616 - -1066 -1047 -971 -528 -758 -722 -716 

10 -9 -706 - -1112 -1195 -992 -- -- -796 -802 
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Supplemental Table 3-3. IDC application treatment effect on yield, reproduction factor 

(RF), protein (P), oil (O), and protein plus oil (P+O).  Letters not connected by the same 

letter were significant at p<0.05 using Tukey’s Honest Significant Difference.  
Treatment  Yield (kg/ha) SCN reproduction Protein (db) Oil P+O 

  Environment 1 

Soygreen   3846.3 a 9.24 a 36.7 b 21.5 a 58.3 b 

Control    3787.2 a 8.59 a 37.0 b 21.6 a 58.6 b 

Urea   3642.2 a 9.08 a 37.6 a 21.5 a 59.1 a 

P>F   0.264 0.95 <0.0001 0.0814 0.0002 

  Environment 2  

Soygreen   4554.5 a 5.31 a 37.5 ab 21.5 a 59.0 b 

Control    4462 a 5.93 a 37.4 b 21.6 a 59.0 b 

Urea   3741.4 b 4.54 a 37.9 a 21.6 a 59.4 a 

P>F   <0.0001 0.32 0.0204 0.65 0.0029 

  Environment 3  

Soygreen   3824.6 a 9.75 a 40.2 b 20.9 a 61.1 b 

Control    3797.5 a 10.92 a 40.3 b 20.9 a 61.2 ab 

Urea   3742.9 a 13.7 a 40.7 a 20.8 a 61.5 a 

P>F   0.8 0.08 0.0071 0.66 0.0082 

  Environment 4  

Soygreen   4309.9 a 1.78 a 38.1 a 21.8 a 59.9 a 

Control    3389.7 b 1.49 a 35.6 a 20.6 a 56.2 a 

Urea   3200.4 b 1.31 a 36.1 a 20.3 a 56.4 a 

P>F   0.0005 0.087 0.36 0.29 0.34 

  Environment 5 

Soygreen   4643.4 a 4.44 a 37.7 b 21.5 a 59.2 b 

Control    4008.0 b 4.35 a 37.8 b 21.3 a  59.1 b 

Urea   3741.1 b 2.30 a 38.6 a 21.2 a 59.8 a 

P>F   0.001 0.031 0.0005 0.15 <0.0001 

  Environment 6 

Soygreen   4428.8 a 2.96 a 37.2 a 21.0 a 58.2 a 

Control    3493.4 b 2.94 a 39.0 a 21.5 a 60.5 a 

Urea   2060.3 c 2.23 a 32.1 b 17.3 b 49.4 b 

P>F   <0.0001 0.37 0.0043 0.0004 <.0001 

  Environment 7  

Soygreen   2847.1 a 2.94 a 38.0 b 21.3 a  59.3 ab 

Control    2746.4 a 3.02 a 37.9 b 21.2 ab 59.1 b 

Urea   1977.0 b 2.23 a 38.6 a 20.9 b 59.6 a 

P>F   <0.0001 0.066 <0.0001 0.012 0.031 

  Environment 8 

Soygreen   3700.7 a 1.06 a 37.8 b 20.8 a 58.6 ab 

Control    3607.1 ab 1.05 a 37.8 b 21.0 a 58.8 a 

Urea   3358.3 b 0.93 a 38.4 a 20.7 a 59.2 b 

P>F   0.0067 0.43 <0.0001 0.083 0.0004 

  Environment 9 

Soygreen   3840.1 a 1.04 a  38.4 a 21.0 a 59.5 a 

Control    3807.0 a  0.88 a 38.4 a 21.1 a 59.5 ab 

Urea   3714.1 a 1.23 a 38.1 b 21.1 a 59.2 b 

P>F   0.58 0.19 0.008 0.82 0.023 
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Supplemental Table 3-4. SCN treatment effect on yield, reproduction factor (RF), protein 

(P), oil (O), and protein plus oil (P+O).  Letters not connected by the same letter were 

significant at p<0.05 using Tukey’s Honest Significant Difference.  
Treatment  Yield (kg/ha SCN reproduction Protein (db) Oil P+O 

   Environment 1 

Peking + Ilevo   3726.2 a 3.47 c 36.4 b 21.9 a 58.4 b 

Peking     3776.6 a 3.26 c 36.3 b 21.8 a 58.2 b 

PI 88788   3679.7 a 10.1 b 37.7 a 21.3 b 59.0 a  

Susceptible   3851.7 a 19.0 a 38.1 a 21.0 c 59.2 a 

P>F   0.68 <0.0001 <0.0001 <0.0001 <0.0001 

   Environment 2 

Peking + Ilevo   4476.0 a 1.73 c 37.2 b 21.9 a 59.1 a 

Peking     4227.2 a 2.60 c 37.0 b 21.9 a 59.0 a  

PI 88788   4126.9 a 5.68 b 38.1 a 21.3 b 59.4 a 

Susceptible   4180.4 a 11.0 a 38.0 a 21.0 c 59.0 a  

P>F   0.28 <0.0001 <0.0001 <0.0001 0.066 

   Environment 3 

Peking + Ilevo   4601.0 a 3.74 c 39.1 b 21.4 a 60.5 b 

Peking     4384.4 a 4.13 c 39.2 b 21.4 a 60.6 b 

PI 88788   3592.6 b 15.7 b 41.7 a 20.3 b 62.1 a 

Susceptible   2575.4 c 22.3 a 41.3 a 20.3 b 61.7 a 

P>F   <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 

   Environment 4 

Peking + Ilevo   3693.5 ab 1.11 b 36.1 a 21.2 ab 57.3 a 

Peking     3656.8 ab 1.35 b 37.7 a 22.2 a 59.9 a 

PI 88788   4134.8 a 1.15 b 38.9 a 21.5 ab 60.4 a 

Susceptible   3048.5 b 2.50 a 33.6 a 18.7 b 52.2 a 

P>F   0.0179 <0.0001 0.073 0.015 0.052 

   Environment 5 

Peking + Ilevo   4494.7 a 0.508 b 37.0 b 22.0 a 59.0 bc 

Peking     4017.6 ab 0.326 b 37.3 b 21.6 a 58.9 c 

PI 88788   4432.4 a 1.60 b 39.2 a 20.9 b 60.2 a 

Susceptible   3578.7 b 12.4 a 38.5 a 20.8 b 59.3 b 

P>F   0.0042 <0.0001 <0.0001 <0.0001 <0.0001 

   Environment 6 

Peking + Ilevo   3473.7 a 0.49 b 36.3 ab 21.1 a 57.5 a 

Peking     3141.5 a 0.51 b 35.0 ab 20.0 ab 55.0 a 

PI 88788   3152.1 a 1.71 b 33.2 b 17.7 b 50.9 a 

Susceptible   3542.6 a 8.13 a 39.7 a 20.8 ab 60.5 a 

P>F   0.27 <0.0001 0.063 0.037 0.072 

   Environment 7 

Peking + Ilevo   2652.3 a 1.26 bc 37.8 b 21.4 a 59.2 b 

Peking     2425.6 a 1.08 c 37.9 b 21.3 a 59.2 b 

PI 88788   2636.4 a 2.32 b 39.1 a 20.9 b 60.0 a 

Susceptible   2379.9 a 6.25 a 37.9 b 20.9 b 58.9 b 

P>F   0.043 <0.0001 <0.0001 0.0005 <0.0001 

   Environment 8 

Peking + Ilevo   3769.2 a 0.33 c 37.5 c 21.1 a 58.7 b 

Peking     3608.2 a 0.44 c 37.6 c 21.1 a 58.7 b 

PI 88788   3655.0 a 1.39 b 38.7 a 20.6 b 59.3 a 

Susceptible   3189.0 b 1.89 a 38.1 b 20.6 b 58.7 b 

P>F   <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 

   Environment 9 

Peking + Ilevo   3871.4 a 0.40 c 37.4 c 21.6 a 58.9 c 

Peking     3762.7 a 0.38 c 37.9 b 21.4 a 59.4 b 

PI 88788   3810.0 a 1.31 b 38.9 a 20.8 b 59.8 a 

Susceptible   3704.2 a 2.10 a 38.9 a 20.4 c 59.3 b 

P>F   0.7 <0.0001 <0.0001 <0.0001 <0.0001 
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Supplemental Table 3-5.  Yield differences between Peking and Susceptible (Susc.) plots 

along with initial SCN egg counts.  Environments are sorted by nematode count in 

ascending order.      

Environment 

Nematodes 

(eggs/100CC) 

Peking 

yield 

(kg/ha) 

Susc. 

Yield 

(kg/ha) Difference 

1 422 3776.6 3851.7 -75.1 

5 756 4017.6 3578.7 438.9 

7 935 2425.6 2379.9 45.7 

6 1269 3473.7 3542.6 -68.9 

3 1619 4384.4 2575.4 1809 

2 1700 4227.2 4180.4 46.8 

4 2169 3656.8 3048.5 608.3 

9 3338 3762.7 3704.2 58.5 

8 4753 3608.2 3189 419.2 
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Figures 

 

Figure 3-1.  A) Yield (left) and reproduction factor (RF) (right) across nine environments.  

The mean yield (kg/ha) is represented by bars with corresponding standard error bars.  

The dashed line for each environment is the average RF of soybean cyst nematode (SCN) 

computed as the final egg count divided by the initial egg count.  B) Yield by IDC 

application treatments of urea, no application, and soygreen averaged across all 

environments.  C) Yield by SCN treatment of SCN susceptible, Peking resistance, PI 

88788 resistance, and Peking resistance plus Ilevo treatment.     

 



 

79 

 

 

Figure 3-2.  Rainfall and daily average temperatures for nine environments.  Rainfall is 

represented as a sum of daily rainfall for each month (May – October, 5-10) for each of 

the nine environments signified by the bar charts.  Daily mean temperature is represented 

for each of the three years as a smooth line fit across the same time period.   
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Figure 3-3.  Pearson correlations between data collected approximately weekly and grain 

yield.  Data was collected with an unmanned aircraft system (UAS) for passively sensed 

normalized difference vegetation indix (NDVI), Crop Circle for ground based actively 

sensed NDVI, and by visual scores taken on a 1-5 scale.  
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Figure 3-4.  Yield differences by IDC application treatment across nine environments 

over the course of three years.  Bars indicate the average yield for the three treatments of 

urea (tan bars), no application (black bars), and soygreen (green bars) as well as 

corresponding standard error bars.  Letters not connected by the same letter are 

significantly different at p<0.05.  
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Figure 3-5.  Iron deficiency chlorosis (IDC) genetic tolerance to IDC impact on yield.  

Green lines indicate the average yield among IDC tolerant soybean cultivars in each of 

the nine environments for each of the three treatments of urea, none, and Soygreen.  

Black lines indicate the average yield among IDC susceptible cultivars in each of the nine 

environments for each of the three treatments of urea, none, and Soygreen.        
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Figure 3-6.  Yield differences by soybean cyst nematode (SCN) treatment.  Soybean cyst 

nematode treatments include three levels of SCN varietal resistance including Peking, PI 

88788, and Susceptible.  In addition, a fourth treatment was included by adding a 

fungicide (active ingredient fluopyram) to the Peking sources of resistance with the goal 

of completely eliminating SCN pressure  
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Figure 3-7.  Reproduction factor (RF) differences by soybean cyst nematode (SCN) 

treatment across nine environments in three years.  Soybean cyst nematode treatments 

include three levels of SCN varietal resistance including Peking, PI 88788, and 

Susceptible.  In addition, a fourth treatment was included by adding a fungicide (active 

ingredient fluopyram) to the Peking sources of resistance with the goal of completely 

eliminating SCN pressure 
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Figure 3-8.  IDC and SCN interaction graph for yield (A) and reproduction factor (RF, 

B).  The three levels of IDC application include Soygreen (green bars), no application 

(black bars), and urea (tan bars).  The four levels of SCN treatment include SCN 

susceptible (SCN susc.), PI 88788 source of resistance, Peking source of resistance, and 

Peking + ILeVo.     
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Table 3-1.   Soil chemical properties and SCN beginning of season counts.  A total of nine environments (env.) were used in this study 

distributed throughout 6 different counties in Minnesota.  The soils series and taxonomic class information of each field was collected 

using the Web soil survey.  Soil pH, available nutrients, electrical conductivity, calcium carbonate equivalent, and organic matter were 

analyzed in a soil testing lab.  Nematode egg counts per 100 CC of soil reported below consist of the average of four replications of 

initial season egg counts at each of the nine environments.  Soil samples were also analyzed for HG type using Peking and PI 88788 

indicator lines.  The female index (FI) was calculated by dividing the mean number of females that developed on a indicator line by 

the mean number of females on the susceptible check multiplied by 100.      

Env. County  Soil Series  

Taxon

omic 

class 

Planting 

Date pH 

Fe 

(mg/k

g 

soil) 

EC 

(mm

hos/

cm) 

CCE 

(%) OM 

Olse

n-P 

(mg/

kg 

soil) 

K 

(mg/

kg 

soil) 

Mn 

(mg/

kg 

soil) 

Zn 

(mg/

kg 

soil) 

Cu 

(mg/

kg 

soil) 

Nemat

odes 

(eggs/1

00CC) 

Pekin

g FI 

(±) 

PI 

88788 

FI (*, 

±) 

1 Swift 
Quam silty 

clay loam 

Fine-

silty 
06/02/17 7.9 8.1 0.5 NA 6.8 16 189 5.5 1.3 1.4 422 1.7 18.7* 

2 Swift 
Bearden-

Quam 

Fine-

silty 
06/02/17 7.7 7.8 1.4 NA 4.9 25 432 10.6 4.9 1.6 1,700 3.9 6.3 

3 Redwood 
Normania 

loam 

Fine-

loamy 
05/16/17 7.1 35.3 0.5 NA 5.6 NA 228 21.5 2.9 1.1 1,619 14.8± 13.6± 

4 Swift 
Bearden-

Quam 

Fine-

silty 
05/22/18 7.7 8.5 1.0 7.53 6.1 7 360 9.5 4.2 1.1 2,169 3.9 10.9* 

5 Renville 
Harps clay 

loam 

Fine-

loamy 
05/24/18 7.8 9.3 1.3 14.3 6.1 16.5 181 10.1 2.5 1.4 756 0.6 8.4 

6 Chippewa 
Bearden-

Quam 

Fine-

silty 
05/16/18 7.7 8.5 1.4 8.41 7.4 20 288 8.6 2.7 1.5 1,269 2.1 22.7* 

7 Redwood Canisteo 
Fine-

loamy 
06/08/19 7.7 11.53 2.3 13.6 5.4 NA 254 5.49 3.58 1.16 935 6.2 16.5* 

8 
Yellow 

Medicine 
Canisteo 

Fine-

loamy 
06/04/19 7.6 15.59 2.1 5.4 4.4 NA 267 3.25 5.06 1.11 4,753 1.9 58.5* 

9 Swift 
Bearden-

Quam 

Fine-

silty 
06/02/19 7.7 12.64 1.2 2.65 4.1 15 227 4.67 6.28 1.16 3,338 2.6 16.5* 

 

* = female index greater than 10 on PI 88788, HG type 2 

± = female index greater than 10 on both Peking and PI 88788, HG type 1.2 
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Table 3-2.  Cultivar descriptions.  A total of six cultivars were used in this study.  Iron 

deficiency chlorosis (IDC) tolerance, soybean cyst nematode (SCN) resistance, and 

maturity group data was provided by the seed company.   

 

Cultivar 

Seed 

Company 

IDC Tolerance 

Rating 

IDC 

Tolerance 

Class 

SCN 

Resistance  

Maturity 

Group 

S14-J7 Syngenta 2 Tolerant Susceptible 1.4 

PB-1611R2 Prairiebrand 5 Susceptible Susceptible  1.6 

AG1733 Asgrow 2 Tolerant PI 88788 1.7 

AG14X7 Asgrow 5 Susceptible PI 88788 1.4 

NuTech 7169 NuTech seed 4 Tolerant Peking 1.6 

NuTech 7186 NuTech seed 6 Susceptible Peking 1.8 
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Table 3-3.  Analysis of variance (ANOVA) for UAS-based NDVI.  The ANOVA was 

used to test the fixed effects of the factorial arrangements of IDC treatment, IDC 

genotype, and SCN resistance level and their corresponding two and three-way 

interactions.  All models included the random effect of block.  A separate analysis was 

done for each environment as well as an across environment analysis (All sites)    

 
 Environment  

Source 1 2 3 4 5 6 7 8 9 

All 

sites 

IDC application treatment *** *** NA *** *** *** *** *** NS *** 

IDC Tolerance NS NS NA *** *** *** NS NS NS *** 

IDC application treatment*IDC 

Tolerance 

NS * NA NS NS ** * NS *** *** 

SCN treatment NS NS NA NS NS *** NS NS NS NS 

IDC application treatment*SCN 

treatment 

NS NS NA NS NS NS NS NS NS NS 

IDC Tolerance*SCN treatment NS NS NA NS NS *** NS NS * NS 

*= significant at p < 0.05 

**= significant at p<0.01 

***=significant at p<0.001 
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Table 3-4.  Analysis of variance (ANOVA) for yield.  The ANOVA was used to test the 

fixed effects of the factorial arrangements of IDC treatment, IDC genotype, and SCN 

resistance level and their corresponding two and three-way interactions.  All models 

included the random effect of block.  A separate analysis was done for each environment 

as well as an across environment analysis (All sites)    

 

 Environment  

Source 

1 2 3 4 5 6 7 8 9 

All 

Sites  

IDC treatment NS *** NS *** *** *** *** ** NS *** 

IDC tolerance NS NS NS *** *** *** NS NS NS *** 

IDC treatment*IDC tolerance NS NS NS NS NS *** * NS *** *** 

SCN treatment NS NS *** * *** NS * *** NS *** 

IDC treatment*SCN treatment NS NS NS NS NS NS NS NS NS NS 

IDC Tolerance*SCN treatment *** * NS NS NS ** NS ** * NS 

*= significant at p < 0.05 

**= significant at p<0.01 

***=significant at p<0.001          
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Table 3-5.  Analysis of variance (ANOVA) for reproduction factor.  The ANOVA was 

used to test the fixed effects of the factorial arrangements of IDC treatment, IDC 

genotype, and SCN resistance level and their corresponding two and three-way 

interactions.  All models included the random effect of block.  A separate analysis was 

done for each environment as well as an across environment analysis (All sites)    

 

 Environment  

Source 1 2 3 4 5 6 7 8 9 

All 

Sites 

IDC treatment NS NS NS NS * NS NS NS NS NS 

IDC tolerance NS NS NS NS NS NS NS NS * NS 

IDC treatment*IDC tolerance NS NS NS NS NS NS NS NS NS NS 

SCN treatment *** *** *** *** *** *** *** *** *** *** 

IDC treatment*SCN treatment NS NS NS NS *** NS NS NS NS NS 

IDC tolerance*SCN treatment NS NS NS NS NS * NS NS NS NS 

*= significant at p < 0.05 

**= significant at p<0.01 

***=significant at p<0.001          
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Chapter 4 – Soybean Iron Deficiency Chlorosis Genome-wide 

Association Analysis of Temporal Changes in Chlorosis Severity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 93 

 

Summary 

Iron deficiency chlorosis (IDC) is a major soil borne stress that causes significant 

yield reduction to soybean [Glycine max (L.) Merr.] in the Midwest.  Iron deficiency 

chlorosis is a complex trait that varies both spatially and temporally, complicating 

screening of soybean lines for tolerance to IDC.  Previous studies have successfully 

identified quantitative trait loci (QTL) associated with iron defficiency in soybean.  To 

improve genome-wide association studies, more precise image-based phenotyping 

methods have proven successful in identifying smaller effect QTL that would otherwise 

be missed using visual scoring.  With recent advancements in high-throughput 

phenotyping and the ability to capture data on thousands of plots more efficiently, the 

genetic control of traits that are expressed throughout a crops lifecycle can be studied 

more thoroughly.  The goals of this study were 1) to determine the genetic basis of IDC 

tolerance using UAS- and ground-based phenotypes, 2) to determine if genetic variation 

exists for rate of recovery of IDC symptoms, and 3) discover QTL associated with rate of 

recovery.  A panel of 348 soybean plant accessions was evaluated in five environments 

using both visual and UAS-based estimates of IDC severity.  Using both phenotyping 

approaches, three significant QTL were found to be associated with IDC tolerance.  Rate 

of recovery of IDC symptoms was measured and seven additional novel QTL were 

identified.  Overall UAS estimates of IDC prove to be a valuable tool to reliably measure 

phenotypes at a higher temporal resolution than ever before. To date, this is the first ever 

genetic analysis performed on the rate of recovery to IDC stress.  
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Introduction 

Iron deficiency chlorosis (IDC) is a major abiotic stress causing significant yield 

reduction to soybean [Glycine max (L.) Merr.].  An estimated 1.8 million hectares are 

impacted in the upper Midwest and losses due to IDC can add up to 260 million dollars 

annually (Hansen et al. 2004; Peiffer et al. 2012).  Iron is abundant in almost all soils; 

however, deficiencies are caused by several soil chemical factors and their interactions 

that change the solubility of iron in the soil (Hansen et al. 2003).  While there are several 

strategies to manage IDC, growing a soybean variety tolerant to IDC is preferred (Goos 

and Johnson 2000; Hansen et al. 2004; Goos et al. 2009; Liesch et al. 2011).   

Soybean varieties show a range in response to IDC, with some being very tolerant 

to the stress, while others are highly sensitive.  It has been shown, however, that no 

cultivar exists that is completely tolerant to IDC (Fehr 1982).  Many studies have been 

conducted to identify quantitative trait loci (QTL) controlling IDC tolerance.  The first 

study on the genetics of IDC in soybean, conducted in 1943, concluded that IDC 

tolerance is controlled by a single recessive gene (Weiss 1943).  Many follow up studies, 

however, have shown that varietal IDC tolerance is a polygenic trait (Charlson et al. 

2005; Wang et al. 2008; Mamidi et al. 2014b; Moran Lauter et al. 2014; Merry et al. 

2019; Assefa et al. 2020b).  A QTL on chromosome 03 has been reported as a major 

effect QTL in several coarse and fine mapping studies (Lin et al. 1997a, 2000; O’Rourke 

et al. 2007b, 2009; Severin et al. 2010; Mamidi et al. 2011, 2014b; Peiffer et al. 2012; 

Zhang et al. 2017b; Merry et al. 2019; Assefa et al. 2020a).  In addition, several QTL 
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have been found throughout the soybean genome including QTL on Gm05/Gm06 (Merry 

et al. 2019), Gm20 (King et al. 2013), Gm05/Gm07/Gm16/Gm17/Gm18/ Gm19 (Mamidi 

et al. 2014), and Gm18/Gm20 (Zhang et al. 2017).  

Screening of soybean lines for tolerance to IDC is a difficult task for plant 

breeders and researchers (Fehr 1982; Diers et al. 1992; Helms et al. 2010).  Iron 

deficiency chlorosis is a complex trait that varies both spatially and temporally.  Within a 

field site, symptoms can vary from non-existent in one area to very severe just meters 

away due to variations in soil properties (Rogovska et al. 2007).  In addition, chlorotic 

symptoms will vary from one year to the next and within a given growing season, all in 

relatively unpredictable manner (Naeve and Rehm 2006; Bloom et al. 2011).  It has been 

shown that the relative genotypic tolerance to IDC is not affected by the date of severity 

note recording, however, this was only studied with relatively few genotypes (Naeve and 

Rehm 2006).  Given the time requirements to acquire reliable phenotype data on IDC 

symptoms, no studies to our knowledge have studied the temporal changes in IDC 

severity, often only relying on individual or very few time points of data collection 

(Mamidi et al. 2011; Merry et al. 2019; Assefa et al. 2020b).     

The genetic control of traits that are expressed throughout a crops lifecycle have 

been reported in several systems.  The genetic architecture of traits such as drought stress 

response, leaf area, biomass, height, plant volume, canopy coverage, and others have 

been studied (Wu et al. 2004; Chen et al. 2014; Neilson et al. 2015; Sun et al. 2017; 

Xavier et al. 2017; Sagan et al. 2019; Moreira et al. 2020).  In a greenhouse experiment 
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for sorghum, for example, high-throughput phenotyping (HTP) data collected through the 

plant’s growth cycle was used identify individuals with traits contributing to stress 

tolerance (Neilson et al. 2015).  In soybeans, an unmanned aircraft system was used to 

study the genetic architecture of canopy coverage at different plant growth stages, 

suggesting that average canopy coverage is a highly heritable trait that could be used for 

indirect selection of yield (Xavier et al. 2017).  In cotton, a field based HTP system was 

used to study the genetic basis of stress-adaptive traits taken at different time points 

(Pauli et al. 2016a).   

Image-based scoring of IDC via an unmanned aircraft system (UAS) can provide 

researchers the opportunity to study the dynamic response of IDC at a high temporal 

resolution (Dobbels and Lorenz 2019).  The goals of this study, therefore, were 1) to 

determine the genetic basis of IDC tolerance using UAS- and ground-based phenotypes, 

2) to determine if genetic variation exists for rate of recovery of IDC symptoms, and 3) 

discover QTL associated with rate of recovery.    

Materials and Methods 

Plant material 

A diverse panel of soybean accessions was assembled from the USDA 

Germplasm Collection as described by Virdi et. al. (2021).  Briefly, from the 14,430 

unique soybean accessions in the USDA Soybean Germplasm Collection, 1271 belong to 

soybean maturity group 1 (MG1) (Bandillo et al., 2015).  Of the 1271 accessions of 

MG1, a set of 400 was sampled to maximize the genetic variation in the MG1 accessions 
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using a supersaturated design (Eskridge et al. 2006) as implemented by Jarquin et al. 

(2021).  This panel of 400 lines was previously used to study traits such as canopy 

architecture, shoot architecture, and branch angle (Virdi et al., 2021).  A subset of 348 

lines from the panel of 400 was selected and used in this study based on seed availability.   

Research environments 

Four research environments over two years were used for field evaluation of IDC 

severity.  The locations for this study included a field site near Danvers, MN (45.274285, 

-95.718046) in Swift County during the 2018 and 2019 growing season; a field site near 

Glyndon, MN (46.900237, -96.528783) in Clay County in 2019; and a field site near 

Eldred, MN (47.695160, -96.807550) in Polk County in 2019.  Field environments herein 

will be referred to as DA18, DA19, EL19, and GL19 for the four environments of 

Danvers, 2018; Danvers, 2019; Eldred, 2019; and Glyndon, 2019 respectively.  All fields 

were reported as having a history of soybean IDC stress based on farmer cooperator 

knowledge and soil tests conducted previously at each site to confirm the presence of 

IDC symptoms.  All sites were rotated between corn and soybean crops for several 

previous years. 

Each soybean accession was planted as a single row 91cm in length at DA18 and 

DA19, 61cm in length at EL19, and as hill plots at GL19.  All plots at each location were 

planted 76.2 cm apart.  Plot sizes ranged in length due to available equipment with 

cooperators.  Plots were arranged in a randomized complete block design with two 

replications for DA18 and were planted as randomized single replication trials in all 2019 
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locations.  Plots were planted on May 22 for DA18; May 30 for DA19; July 13 for EL19; 

and July 22 for GL19.  Accumulated rainfall data was downloaded from the High Plains 

Regional Climate Center for each environment (HPRCC, Lincoln, NE, 

https://hprcc.unl.edu/).    

Field evaluation of iron deficiency chlorosis    

Soybeans were visually scored for IDC symptoms using a 1-5 visual rating scale.  

A rating of “1” is given to a plot that is 100% green (no yellowing), a score of “2” 

indicates slight yellowing with some plants in the plot turning yellow, a score of “3” 

indicates moderate yellowing with most plants turning yellow in the plot, a score of “4” 

indicates intense yellowing where all plants are yellow and some are becoming stunted 

and necrotic, and a score of “5” indicates most severe IDC symptoms where the entire 

plot is damaged and dying or completely dead (Cianzio et al. 1979; Mamidi et al. 2014a).  

Each plot was measured by an expert rater who understands IDC stress symptoms. 

An unmanned aircraft system (UAS) was used to measure IDC severity symptoms 

according to previously published procedures (Dobbels and Lorenz 2019).  Red, green, 

blue (RGB) images were captured using cameras equipped to a UAS.  Based on each 

environment, flights were performed on different dates with a target frequency of one 

flight per week (Table 4-1).  In DA18 and DA19, flights were performed approximately 

weekly for nine weeks starting in early June.  For EL19 and GL19, only four flights were 

conducted at each location (Table 4-1).  In addition, RGB images were captured with 

different cameras and aircraft systems.  An Inspire 1 (SZ DJI Technology Co., Ltd, 

https://hprcc.unl.edu/
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Shenzhen, China) UAS equipped with a Sentera Double 4k sensor (Sentera, Minneapolis, 

MN) was flown at the DA18 and DA19; an Inspire 1 UAS equipped with a Zenmuse X3 

camera was used at GL19; and a Phantom 4 professional drone was used at EL19.  

Flights were conducted at various altitudes to ensure sufficient ground sample distances 

(GSD) for corresponding plot sizes (Table 4-1).  Flights were programmed using 

autonomous flight paths with 80% side and end lap using the Pix4D capture application 

downloaded on an Apple iPad device. 

Image analysis was performed similar to Dobbels and Lorenz (2019). Raw images 

were first processed using Pix4D Desktop (Pix4D, SA) to generate orthomosaics with a 

UTM zone 15N projected coordinate system.  Ground control points were input into the 

Pix4D projects to ensure proper geometric accuracy.  Ground control points were 

manually identified in the basic editor of Pix4D software prior to initial processing.   

To estimate IDC severity, the orthomosaics were processed in Erdas Imagine 

software (Hexagon Geospatial, United States).  First, pixels were classified into “plant” 

and “soil” classes using k-means clustering, followed by the classification of green, 

yellow, and brown plant pixels within the plant classified canopy.  In QGIS software 

(QGIS Geographic Information System. Open Source Geospatial Foundation Project, 

http://qgis.osego.org), a polygon shapefile was created to delineate the region of interest 

around each plot.  In order to mimic how researchers rate IDC severity, the proportions of 

green, yellow, and brown pixels were extracted from the region of interest using the zonal 

statistics plugin of QGIS (Dobbels and Lorenz 2019).        

http://qgis.osego.org/
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The UAS-based estimate of IDC severity was calculated using the random forest 

algorithm (Breiman 2001). The visual score data was treated as a character and 67% of 

the data, at random were used to train the model, while the remaining 33% of the data 

were used for validation.  For flights where ground notes were not obtained, visual score 

data were generated from visual observations of drone imagery on a computer.  Random 

forest was implemented using the predictive analytics software package within JMP Pro 

(JMP®, Pro 13, SAS Institute Inc., Cary, NC, 1989-2007).   

In order to create a continuous severity score, output of the random forest model 

was used.  Since a visual score of a “one” would indicate 0% severity and a visual score 

of a “five” would indicate 100% severity, the following equation was used to estimate 

IDC severity based on the random forest output. 

IDC Severity Score = 25×P(y=2) + 50×P(y=3) +75×P(y=4) +100×P(y=5)    (1) 

where y represents the IDC score on a 1-5 scale as described above, and P(y=k) 

represent the probability a plot was given a score of k according to the random forest 

model. Using equation 1, a IDC severity score ranging from zero to 100 was calculated 

for each plot.  

Phenotypic data analysis 

Spatial analysis on all IDC scores was performed in each of the four environments 

using P-spline mixed models (Currie and Durban 2002; Rodríguez-Álvarez et al. 2015; 

Velazco et al. 2017).  The SpATS R package (Velazco et al. 2017) was used with 

genotype, plot row, and plot column each fitted as a random effect.  Using the SpATS 
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model, trends in field spatial variation of iron deficiency chlorosis severity were 

modelled by a smooth bivariate function of the spatial coordinates (row and column) 

represented by 2D P-splines (Velazco et al. 2017).  The output of the SpATS model was 

a spatially adjusted IDC score for each plot.   

Two critical time-points were identified in each environment: 1) the initial onset 

of IDC severity (approximately 30-40 days after planting) as well as 2) the recovery of 

IDC severity defined as a separate independent scoring of IDC approximately 14 days 

after the initial IDC assessment.  These two ratings, herein, will be referred to as “flash 

IDC score” and “recovery IDC score” and the dates of these scores in each environment 

are indicated in Table 4-1 by the “†” and “‡” symbols for flash and recovery, 

respectively. 

To determine if there was genetic variation for rate of recovery, a subset of 

environments and a subset of soybean accessions were used from the entire dataset.  First, 

DA18 rep 2 was omitted from the dataset as this environment showed a lack of chlorosis 

symptoms based on field spatial variability.  Second, the research locations of EL19 and 

GL19 were omitted as they were planted in the middle of a typical growing season.  

Accessions that were scored as a “one” or a “five” during the flash IDC score evaluation 

for any plot were omitted as these plots, by definition, cannot display any rate of 

recovery. These were excluded so that limitations in scale did not confound the genetic 

analysis.  The final dataset for testing rate of recovery consisted of 96 soybean accessions 

measured approximately weekly in two environments – DA18 and DA19.  Temporal 
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trends of IDC severity were analyzed using all UAS missions within each of these two 

remaining environments.  A linear relationship between IDC score and days after 

planting was modeled for every plot within each environment on the sub.  The slope 

coefficient for each linear model fitted to each plot was extracted. This slope coefficient, 

herein, will be referred to as the “rate of recovery.”   

In order to calculate the reliability of accessions means, variance components 

were estimated using the following model:  

 yij = µ+ gi + ej + ij                                                                                   (2) 

where yij is the response variable (flash IDC, recovery IDC scores from ground 

and UAS estimates, and rate of recovery), µ is the overall mean, gi is the effect of the ith 

soybean accession, ej is the effect of the jth environment, and ij is the residual. To 

calculate reliability, all effects were considered to be random except for the effect of 

environment. Variance components from (2) were used to estimate reliability for each 

trait as:   

                 (3)  

where i2 is the reliability estimate, Vg is the variance component due to soybean 

accession and Vp is the variance component due to environments also defined as Vg + 

residual variance divided by number of locations.  All analyses were performed in R 

version 3.6.3 and the lme4 package (R Core Team, 2013, Vienna, Austria).   
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Genome-wide association analysis 

All soybean accessions were genotyped using the Illumina Infinium SoySNP50K 

BeadChip described previously (Song et al. 2013).  Single nucleotide polymorphism data 

was obtained from Soybase (https://soybase.org/snps/) and converted to marker scores of 

-1, 0, and 1 for aa, Aa, and AA, respectively.  Additionally, markers with a minor-allele 

frequency of less than 0.025 and markers with a threshold of 0.025 missingness were 

removed.  All genomic positions of markers reference the Wm82.a2.v2 genome assembly 

(Song et al. 2016).  Genome-wide association analysis was conducted using the GWAS 

function within the rrBLUP package version 4.6; (Endelman, 2011).  The P3D option 

was set to “TRUE” so that variance components were estimated by REML only once.  

The number of principal components to account for population structure and to be 

included as fixed effects in the model was repeated with five different levels. No changes 

in associations across different numbers of principal components was observed and 

therefore the final number of principal components was set to three, which is similar to 

previous studies (Merry et al. 2019).  Genome-wide association analyses were performed 

using spatially-adjusted IDC scores averaged across environments for UAS IDC severity, 

ground-based visual assessments, and rate of IDC recovery.   

To declare statistically significant associations between SNPs and phenotypes, a 

genome-wide significance threshold was determined based on the ‘effective number’ 

(Meff) of independent tests (Cheverud 2001; Li and Ji 2005; Bandillo et al. 2015).  

Briefly, the correlation matrix and eigenvalue decomposition among filtered SNPs 

https://soybase.org/snps/
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(32,910) were calculated to determine Meff.  Meff was calculated to be 520.  Using the 

experiment-wise error rate (αe) of 0.05, the marker significance threshold was calculated 

as –log10(1-(1-αe)^
1/Meff ) = 4.00.  Quantitative trait loci (QTL) were defined by a 500 

kilobase (kb) window to define SNPs tagging a locus, similar to previous studies 

(Bandillo et al. 2015). 

Results 

Phenotyping results and spatial trends 

A total of four environments were used to evaluate the IDC severity of 348 

diverse MG1 soybean accessions.  IDC symptoms were measured using both visual 

scores on a 1-5 rating scale as well as IDC severity measured on a continuous 0-100 scale 

using a UAS image-based rating system.  The range in flash IDC score across 

environments as well as the coefficient of determination between UAS estimates and 

ground visual measurements can be found in Figure 4-1.  The coefficient of 

determination between UAS estimates and visual assessments varied from 0.45 to 0.75 

among the four environments, with an average coefficient of determination of 0.60.  In 

addition, the environments exhibited a range in severity symptoms.  The average UAS 

severity for flash IDC score was 6.6%, 36.9%, 39.3%, and 50.4% for DA18; GL19; 

DA19; and EL19; respectively. 

For all environments, there existed spatial trends in both flash IDC scores and 

recovery IDC scores.  Figure 4-2 shows a graphical representation of the flash IDC score 

fitted spatial trend for each of the five environments, as obtained from the SpATS 
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package.  Reliability (i2) was calculated for flash and recovery IDC scores for both UAS 

and visual ratings.  In addition, i2 was assessed before and after using spatially-adjusted 

scores from the SpATS output (Table 4-2).  Reliability was increased for all 

measurements when using spatially-adjusted scores compared to those not spatially 

adjusted. Based on this finding spatially-adjusted plot scores were used for all 

downstream analyses.    

Temporal dynamics of iron deficiency chlorosis severity 

Soybean IDC ratings were taken at multiple time points within each environment 

to assess the temporal dynamics of IDC severity symptoms (Table 4-1).  The average 

IDC score of the 348 plant introgression lines in each environment was plotted against 

days after planting to examine changes in symptoms over time (Figure 4-3).  In addition, 

precipitation patterns were overlaid as bars to provide insight into the influence of this 

factor on variation in IDC scores across time. 

The temporal dynamics of IDC stress was also assessed by examining the 

progression of severity for each of the five classes of IDC flash scores (Figure 4-4).  By 

breaking the analysis into groups based on flash IDC score, we can better delineate IDC 

severity changes across time (days after planting).  Figure 4-4 shows that plots with 

initial ratings of “5” tended to remain severely stressed, with the exception of the 

Glyndon, 2019 location.  In addition, the plots rated as healthy early in the season tended 

to remain healthy, with the exception of the Eldred, 2019 location.   
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The relationship between IDC score and days after planting was modeled for 

every plot within each environment using a simple linear model. A subset of these 

environments and a subset of the soybean accessions were used to test for genetic 

variation in the rate of recovery to IDC stress. The average rate of recovery in DA18 was 

0.008 units decrease in IDC score per day, and the average rate of recovery in DA19 was 

0.023 units decrease in IDC score per day.  The range in rate of recovery was -0.08 to 

0.06 in DA18, and -.06 to 0.017 in DA19.  A significant difference among soybean 

accessions was found for rate of recovery (p<0.05) and the reliability (i2) for rate of 

recovery across these environments was 0.41.      

Significant QTL for iron deficiency chlorosis tolerance and rate of recovery 

Genome-wide association analysis was performed using the mean IDC score 

across environments both for UAS IDC severity and ground-based visual assessments of 

the spatially adjusted values.  Table 4-3 highlights the significant SNPs associated with 

IDC tolerance along with their associated SNP ID, chromosome, position (bp), and 

association (–log10(p) values) for spatially adjusted UAS flash and recovery scores as 

well as spatially-adjusted visual flash and recovery scores.  In order to declare 

significantly associated SNPs, a genome-wide significance threshold was set to 4.00 

based on the effective number of independent tests (Li and Ji 2005).   

Significant SNPs were identified using all four measurements of IDC.  A total of 

ten, eight, fourteen, and nine QTL were declared significantly associated with UAS flash 

score, UAS recovery score, visual flash score, and visual recovery score, respectively 
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(Table 4-3).  The most prominent SNP, Gm03 (SNP ss715585469), was consistent for 

each assessment of IDC.  In addition, significant QTL were identified on Gm09 

(ss715604418) and Gm05 (ss715592610).  A total of ten overlapping SNPs were 

identified for UAS and visual flash score estimates, and eight overlapping QTL for 

recovery IDC score.  It is worth noting, however, that for the flash stage of 

measurements, the QTL on Gm05 using visual score measurements that was not detected 

using the UAS-based measures of IDC symptoms.  It is also interesting to note that flash 

and recovery measurements identified similar QTL, however, the recovery measurement 

identified one less QTL compared to the flash score.      

For rate of recovery, five QTL were declared significant [-log(p) > 4.00] (Table 4-

4).  These QTL are located on five chromosomes (Gm02, Gm14, Gm16, Gm18, and 

Gm19) and none of these QTL correspond with the QTL identified in either the flash or 

recovery IDC scores.  Within the genomic regions of interest, the genes and descriptions 

based on the Williams 82 reference genome are listed (Table 4-5).   From this table, no 

gene was found that has an obvious indication of being related to soybean IDC or rate of 

recovery.  In addition, none of these genes appear in previous QTL mapping studies for 

IDC tolerance.     

Further investigation was conducted to explore the temporal trends in IDC score 

of the groups of lines containing the “+1” and “-1” alleles at each of the significant SNP 

positions (Figure 4-5).  The five panels in Figure 4-5 represent the Gm02, Gm14, Gm16, 

Gm18, and Gm19 alleles for the A, B, C, D, and E panels, respectively.  Green lines 
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indicate the “-1” allele for each SNP and the tan lines represent the “+1” allele for each 

SNP.  From this figure and from the analysis of rate of recovery, certain genotypes 

recover at a faster rate than other genotypes.  In some cases, accessions that are rated as 

more severe compared to other accessions early in the season actually recover to the 

extent of being less severe by the end of the season.    

Discussion 

Iron deficiency chlorosis is an important problem to soybean production in the 

Midwest, impacting an estimated 1.8 million acres (Hansen et al. 2004).  While growers 

have several options for managing IDC, the best option is to plant soybean cultivars with 

varietal genetic tolerance (Goos and Johnson 2000).  Many studies have been conducted 

to increase our understanding of the genetics underlying IDC, however, these studies 

have relied on individual or only a few measurements during the growing season 

(O’Rourke et al. 2007b; Mamidi et al. 2011, 2014a; Zhang et al. 2017b; Merry et al. 

2019).  With recent advances in high-throughput phenotyping (HTP), researchers are now 

able to study the temporal variation in chlorosis symptoms to increase our understanding 

of QTL underlying tolerance at different time points of stress, as well as the variation in 

the rate at which different soybean accessions recover to IDC stress (Dobbels and Lorenz 

2019).  This study set out to examine the genetics underlying IDC tolerance and to test 

for genetic variation of the rate of recovery from stress conditions.   
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Genetics of flash and recovery severity symptoms: 

Genome-wide association analysis on a diverse panel of 348 soybean plant 

accessions identified significant QTL on Gm03, Gm05, and Gm09 of the soybean 

genome.  The SNP with the highest association to IDC scores was found on Gm03.  

Several previous studies have also identified this QTL for IDC tolerance (Lin et al. 1997, 

2000; O’Rourke et al. 2007, 2009; Severin et al. 2010; Mamidi et al. 2011, 2014b; 

Peiffer et al. 2012; Zhang et al. 2017; Merry et al. 2019; Assefa et al. 2020).  Since Lin et 

al. (1997), several fine mapping, genome-wide association analyses, genome-wide 

epistatic analyses, hydroponic studies, and others have been used to identify the 

underlying mechanism for this QTL (O’Rourke et al. 2007b, 2009; Severin et al. 2010; 

Mamidi et al. 2011, 2014b; Peiffer et al. 2012; Zhang et al. 2017b; Merry et al. 2019; 

Assefa et al. 2020a).  In a recent study, researchers dissected the QTL on Gm03 into four 

distinct genomic intervals harboring multiple candidate genes (Assefa et al. 2020a).  In 

our study, this historical QTL on Gm03 was identified in all environments, even in 

Danvers, 2018 when very few symptoms were apparent in the IDC nursery.  The Gm03 

QTL was also identified at multiple time points through the growing season.  While this 

QTL is of high importance to genetic studies and for researchers to gain a better 

understanding of the underlying gene networks and pathways involved in IDC tolerance, 

it was shown that this QTL is not an important source of genetic variation among elite 

breeding lines (Merry et al. 2019).   
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Additional QTL were also identified during the flash and recovery scoring of IDC 

on Gm05 and Gm09 (Table 4-3).  The QTL identified on Gm05 corresponds with 

previous studies on IDC in which the QTL was identified in both a plant introduction 

panel and in the USDA Northern Regional Trials panel of soybean genotypes (Merry et 

al. 2019).  In addition, this QTL was fine mapped in a Fiskeby III x Mandarin (Ottawa) 

population and the final mapped interval of this QTL resides between 0 and 137,207bp 

on Gm05 which contains 17 putative gene models (Merry et al. 2019).  The other 

significant QTL, to knowledge, has not been identified in IDC tolerance.  While it has not 

yet been studied, the ss715604418 SNP at 43614074 bp on Gm09 resides on a gene 

model (Glyma.09g212100.Wm82.a2.v1).  The homolog of this gene in Arabidopsis 

(AT4G19040.1) is known to be involved in enhanced disease resistance to pathogenic 

fungi (Soybase.org).  This QTL may warrant further investigation.                

Genetic variation for rate of recovery: 

Temporal variation within each environment was also apparent.  In three of the 

four environments tested, there was an average decrease in severity symptoms as the days 

after planting increased.  In one environment (EL19), however, the severity increased 

over the four time points of data collection.  Soil water content influences iron in solution 

due to changes in aeration and carbon dioxide concentrations (Clark 1982; Rogovska et 

al. 2007).  In addition, rainfall patterns have been useful in modeling IDC severity 

(Kaiser et al. 2014).  We hypothesized that increases in rainfall would thus drive an 
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increase in IDC severity.  It appears that the EL19 may have experienced consecutive 

rainfall events that may have been associated with an increase in IDC symptoms. 

Soybean IDC is also impacted by the amount of NO3- in the soil (Bloom et al. 

2011b; Kaiser et al. 2011).  When a plant uptakes NO3-, it does this in exchange of a 

bicarbonate ion which neutralizes the soil pH.  This soil NO3- impact on soybean IDC 

may explain why wheel tracks in a soybean field are green and also explains why 

companion crops can be used to reduce IDC by using excess nitrogen build up in the soil 

(Naeve 2006; Kaiser et al. 2014).  It may be the case that the growth or lack of growth of 

soybean roots and plant biomass could cause in-season variation to IDC symptoms, 

however, it appears that few studies have actually analyzed the temporal dynamics of the 

rates of IDC recovery.  Perhaps this could be an avenue of future research to better select 

varieties tolerant to IDC stress.              

Recent advances in remote sensing and high-throughput phenotyping (HTP) 

affords researchers the opportunity to collect data more frequently during the span of the 

growing season (Dobbels and Lorenz 2019).  In the case of IDC, studies have shown that 

symptoms tend to decrease towards the end of the growing season, indicating a recovery 

from IDC symptoms (Naeve and Rehm 2006).  No studies, however, have quantified 

rates of IDC recovery nor the genetics of the rate of recovery.  The study presented here 

aimed to quantify the rate of recovery as the linear relationship between IDC severity and 

days after planting and test if genetic variation exists for this trait. 
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The rate of recovery was initially studied using all available genotypes and 

environments, however, sub-setting the data was necessary to find a genetic signal for 

this phenotype.  The sub-setting was mainly performed to exclude environments that 

showed no symptoms of IDC and to exclude environments where not enough temporal 

information was collected.  The environments at EL19 and GL19 were planted extremely 

late (July 13/July 22) and excluding these environments to examine temporal effect of 

IDC was appropriate as they don’t reflect typical soybean planting dates.  In addition, 

soybean plots that were very healthy during the flash score (score = one) or plots that 

were very stressed during the flash score (score = five) showed no changes in IDC 

severity and were also excluded for this analysis (Figure 4-4). 

The reliability estimate of rate of recovery was estimated to be 0.41.  When 

comparing this estimate to both the flash and recovery ratings individually, it appears this 

traits has a slightly lower reliability.  However, significant differences among soybean 

accessions were found for the rate of recovery (p value <0.05).  In addition, GWAS 

identified seven SNPs on five chromosomes that were significantly associated with rate 

of recovery (Table 4-4). 

The seven SNPs for rate of recovery were found on Gm02, Gm14, Gm16, Gm18, 

and Gm19 (Table 4-4).  None of these QTL overlapped with significant QTL identified at 

individual time points of flash or recovery score.  In addition, it appears that none of 

these QTL have been identified in previous QTL mapping studies for IDC.  Further 

investigation was performed to look at soybean accessions carrying the homozygous 
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alleles (“+1” and “-1”) by investigating the temporal patterns of these accessions (Figure 

4-5).  While researchers have investigated IDC severity early in the season, it is worth 

pointing out that certain genotypes recover at a faster rate than other genotypes.  In the 

case of the Gm18 allele (Panel D, figure 4-5), for example, the soybean accessions 

carrying the “-1” allele recovered to the extent that by the end of the growing season, 

lines carrying this allele had lower severity symptoms compared to lines carrying the 

“+1” allele, on average.  It would be worth investigating the effect this phenomena would 

have on seed yield, however, no yield data was collected for these small research plots.     

Limitations and future directions: 

The results of this study provides insights on the use of modelling temporal trends 

combined with HTP data to improve GWAS related to soybean iron deficiency chlorosis.  

In this study, QTL were identified for both flash and recovery IDC scores as well as new 

QTL for the rate of recovery.  The results of this study provides insights on possible 

future research studies that could be conducted.  To start, the success of the UAS-based 

measurements of IDC affords many possibilities.  Future research could be conducted in 

more environments with more replications within each environment.   

The rate of recovery phenotype in this study was based on a linear relationship 

between IDC score and days.  It would be interesting to also test other quadratic or non-

linear models for rate of recovery.  Finally, none of these research trials were harvested 

for grain yield.  It would be interesting to see the relationships between the flash IDC 

score, the recovery IDC score, the rate of recovery, and grain yield.  The research plots 
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were not harvested because all plots were planted as small plots to reduce field space 

requirements.  A subset of soybean accessions, however, could be tested in larger plots in 

future research studies.      

Conclusions 

The goals of this study were to 1) to determine the genetic basis of IDC tolerance 

using UAS- and ground-based phenotypes, 2) to determine if genetic variation exists for 

rate of recovery of IDC symptoms, and 3) discover QTL associated with rate of recovery.  

A total ten SNPs were identified and overlapping between both UAS-based and visual 

estimates of IDC stress and both of these phenotypes provided estimates with similar 

reliability.  Second, genetic variation was found for the rate of recovery.  It was found in 

this study that some genotypes recover from IDC symptoms more rapidly than other 

genotypes.  Based on this genetic variation for rate of recovery, five additional QTL were 

identified.  These additional QTL may serve as candidates for further investigation to 

confirm their effect on both IDC tolerance and seed yield.    
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Tables and Figures (Chapter 4 IDC GWAS) 

  

Table 4- 1.  Environments and unmanned aircraft system (UAS) flight dates and flight 

parameters.  Four locations were used to assess iron deficiency chlorosis (IDC) tolerance 

of 348 soybean accessions.  To quantify temporal patterns of IDC stress, flight missions 

were conducted across nine dates for Danvers in 2018 and 2019, and across four dates for 

Eldred and Glyndon in 2019.  In addition, three separate UAS’s were used in this study 

and flight altitudes were adjusted based on UAS camera and plot size of each location.   

 

 

 

      

Env. Drone/camera 

Flight 

alt. 

GSD 

(cm) 

Planting 

date 1 2 3 4 5 6 7 

DA18 
Inspire 1/Sentera 
Double 4K 61 m 1.76  5/22 6/21 6/27 7/05† 7/12 7/17‡ 7/26 7/31 

DA19 

Inspire 1/Sentera 

Double 4K 61 m  1.76  5/30 6/19 7/1 7/15† 7/22 7/29‡ 8/06 8/13 

EL19 Phantom 4 Pro 46 m 1.22  7/13 8/9 8/14† 8/19 8/26‡       

GL19 
Inspire 1 
Zenmuse X3 18 m 0.83  7/22 8/9 8/14† 8/20 8/25‡       

†Date of flash score 
‡Date of recovery Score        
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Figure 4-1.  Flash IDC visual score vs. flash UAS severity score.  A total of five trials 

(Four single replication environments plus one two replication environment) are indicated 

by the marker/fitted line color and were evaluated for IDC using two methods: visual 

assessment taken on a 1-5 scale (y-axis) and UAS severity score (0-100, x-axis).  The 

coefficient of determination (R2) was also determined for the linear regression model 

between visual and UAS estimates.    
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Figure 4-2.  Spatial patterns at each of the five environments.  Spatially adjusted means 

for all iron deficiency chlorosis measurements were estimated in each of the five 

environments using P-spline mixed models.  The fitted spatial trends are shown for each 

of the five environments.  White colored pixels indicate missing plots.     
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Table 4-2.  Reliability estimates of accession means for IDC flash and recovery scores.  

The reliability estimates were calculated before and after fitting spatially adjusted means 

from the SpATS package.  In addition, reliability was estimated for both visual scores 

and UAS scores during the flash and recovery assessments of chlorosis symptoms.     

  
No spatial adjustment With Spatial Adjustment  

Flash Recovery Flash Recovery 

Visual Score 0.49 0.45 0.54 0.54 

UAS Severity 0.47 0.44 0.56 0.52 
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Figure 4-3.  Average iron deficiency chlorosis (IDC) scores across multiple flights for 

each of the four environments.  The average IDC score is the mean of all 358 plant 

introgression lines at each environment (lines).  The precipitation (bars) is the rainfall 

(inches) at each time point of a rainfall event according to the High Plains Regional 

Climate Center data.  DA18 represents Danvers, 2018 location; DA19 represents the 

Danvers, 2019 location; EL19 represents the Eldred, 2019 location; and GL19 represents 

the Glyndon, 2019 location.     
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Figure 4-4.  Soybean IDC spatially adjusted visual score (y-axis) across time (x-axis) in 

each of the four environments plus a second replication in Danvers, 2018.  The colored 

lines indicate the five classes of IDC as defined by initial IDC severity scores.  A score of 

a “1” indicates no chlorosis symptoms and a “5” indicates severe symptoms and necrosis.    
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Table 4-3.  Significant single nucleotide polymorphisms (SNPs) associated with iron 

deficiency chlorosis (IDC) tolerance and their associated SNP I.D., chromosome number, 

position in base pairs (bp), and significance of association (–log10(p)) values for 

unmanned aircraft system (UAS) flash and recovery scores as well as visual (VS) flash 

and recovery scores.  

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

SNP 

Chromo

some # 

Position 

(bp) 

UAS IDC 

Flash 

-log(p)* 

UAS IDC 

Recovery 

-log(p)* 

VS IDC 

Flash 

-log(p)* 

VS IDC 

Recovery 

-log(p)* 

ss715585469 3 34532040 9.962* 8.366* 9.521* 10.251* 

ss715585425 3 34243241 5.976* 5.208* 7.781* 5.272* 

ss715585427 3 34245545 5.800* 5.303* 7.686* 5.221* 

ss715585451 3 34400542 6.212* 5.010* 6.986* 4.961* 

ss715585450 3 34399757 6.015* 4.882* 6.832* 4.729* 

ss715585452 3 34403919 5.398* 
 

6.011*  

ss715585444 3 34374076 5.617* 4.510* 5.635* 4.176* 

ss715585486 3 34612476 5.921* 5.207* 5.246* 5.566* 

ss715585442 3 34364354 4.560* 4.415* 5.019* 4.140* 

ss715585473 3 34547382 
 

 4.811* 4.229* 

ss715604418 9 43614074 4.494*  4.732*  

ss715592610 5 201448   4.566*  

ss715585472 3 34545549   4.362*  

ss715604389 9 43375648   4.009*  
 

    *= above significance 

threshold of 4.00 
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Table 4-4.  Significant single nucleotide polymorphisms (SNPs) associated with iron 

deficiency chlorosis (IDC) rate of recovery and their associated SNP I.D., chromosome 

number, position in base pairs (bp), and association (–log10(p)) values for UAS flash and 

recovery scores as well as visual flash and recovery scores. 

 
SNP Chromosome # Position 

(bp) 

Rate of 

Recovery 

-log(p)* 

ss715632703 Chr18 7917371 4.76139* 

ss715635025 Chr19 40683950 4.52203* 

ss715635026 Chr19 40685025 4.52203* 

ss715624771 Chr16 35646769 4.47839* 

ss715635029 Chr19 40701199 4.352907* 

ss715619536 Chr14 48597275 4.338533* 

ss715582750 Chr02 41382652 4.14603* 

   *= above significance threshold of 4.00 
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Table 4-5.  Identification of nearest non-significant SNPs flanking the significant SNP 

were identified to delineate genomic regions of interest. The SNPs were declared 

significant based on a –log(p) value greater than 4.00 for the association to the rate of 

recovery of IDC severity.  The Williams 82 (WM 82) reference genome was used to 

identify genes within the genomic regions of interest.  Annotations are based on the WM 

82 reference genome.     

 

 

 

SNP ID Chromosome # 

SNP 

Status 

WM 82 Gene 

identifier Annotation 

ss715632702 Chr18 Flanking  Glyma.18g081700 

RNA-binding 

(RRM/RBD/RNP motifs) 

family protein) 

ss715632703 Chr18 Significant   

ss715632704 Chr18 Flanking    

ss715635024 Chr19 Flanking  Glyma.19g146000 

squamosa promoter 

binding protein-like 9 

ss715635025 Chr19 Significant Glyma.19g146100 NA 

ss715635026 Chr19 Significant   

ss715635029 Chr19 Significant   

ss715635030 Chr19 Flanking    

ss715624770 Chr16 Flanking  Glyma.16g194300 NA 

ss715624771 Chr16 Significant   

ss715624772 Chr16 Flanking    

ss715619537 Chr14 Flanking  Glyma.14g220900 

GDSL-like 

Lipase/Acylhydrolase 

superfamily protein) 

ss715619536 Chr14 Significant Glyma.14g221000 

ZINC FINGER FYVE 

DOMAIN CONTAINING 

PROTEIN 

ss715619535 Chr14 Flanking  Glyma.14g221100 

winged-helix DNA-

binding transcription factor 

family protein) 

ss715582748 Chr02 Flanking  Glyma.02g226600 

(pfkB-like carbohydrate 

kinase family protein) 

ss715582750 Chr02 Significant Glyma.02g226700 NA 

ss715582751 Chr02 Flanking  Glyma.02g226800 (phospholipase C 2) 
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Figure 4-5.  Temporal patterns of IDC score (y-axis) by days after planting (x-axis) of 

five significantly associated alleles (panels A-E) to the rate of recovery phenotype in two 

environments (Danvers, 2018 left; and Danvers, 2019 right) within each panel.  The five 

panels represent the Gm02, Gm14, Gm16, Gm18, and Gm19 significant alleles for A, B, 

C, D, E, respectively.  Green lines indicate the “-1” allele for each SNP and the tan lines 

represent the “+1” allele for each SNP.      
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Appendix A – UAS data collection protocol for Phantom 3 

Overview:   

The goal of this handout is to provide the information necessary for someone to collect 

data using a Phantom 3 Advanced or Phantom 3 Professional drone.   

General pipeline:  

 

Materials Needed:  

1. UAV case with all components inside (See figure 1) 

2. iPad or iPhone with DJI Go App and Pix4D Capture App Downloaded 

3. Lightning cable for ipad  

4. SD card (can be stored in drone camera) 

Before going to field:  

1. Make sure both drone batteries are fully charged 

a. To check charge of battery, tap button on battery once 

2. Make sure remote controller is fully charged 

a. To check charge of battery, tap button on controller once 

3. Make sure iPad is charged 

4. Make sure weather is permitting 

a. Wind should be less than 25mph 
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b. Don’t fly in the rain or severe weather conditions  

c. Best to check “UAV forecast” app for weather conditions 

Unpacking and setting up drone:  

1. Place landing/take-off pad on level ground (When available) 

2. Open drone case and place drone on landing pad 

3. Remove gimbal mount and lens cover 

4. Add rotors to drone 

a. Black screw top matches black node on propeller (see figure 2) 

5. Power on remote controller  

6. Power on Drone 

a. Press once, then immediately following press down and hold 

b. Gimbal will calibrate and drone will beep 

c. Open iPad, Password = 777777 

7. Connect phone/ipad to controller via lightning cable 

8. Open DJI GO APP  

9. Check for any error or warning messages  

10. Make sure home point is set 

11. Completely close out of DJI Go App 

a. Double click home button and swipe up to close app 

Flying a previously planned mission: 

12. Open Pix4D capture App 
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13. Click Project List 

14. Click on project corresponding to the correct field 

15. Click duplicate 

16. Click duplicate  

17. Double check that the mission covers the field you expect 

18. Click save (Bottom right next to the start button) - then ok 

19. Click start 

20. Click next 

21. Click start (This is when the drone will take off) 

During Flight:  

22. While in flight 

a. Have awareness of drone location 

b. Be on lookout for other air traffic 

c. Keep eye on app to see that images are being captured properly 

d. monitor drone battery level  

23. The drone will return home at the completion of the mission 

a. If experienced, catching the drone legs with two hands is preferred 

b. Use caution to not put hands near propellers 

24. Close app 

25. Power off controller 

26. Power off UAV 
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27. Pack everything back into case 

After Flight:  

28. Return to lab, transfer data to Shared Folder 

FIGURES (Appendix A):  

 
Figure 1. Drone case components.  The drone case consists of a battery charger, the 

drone, an extra battery, remote controller, and propellers.   
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Figure 2.  Propeller attachment.  In order to attach propellers, one must match the color 

on the propeller with the color on the drone rotor.  
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Figure 3. Pix4D capture app – preparing mission 
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Appendix B – UAS data collection protocol for Inspire 1 

Overview:   

The goal of this handout is to provide the information necessary for someone to collect 

data using the Inspire 1 drone 

General pipeline:  

 

Materials Needed:  

• UAV case with all components inside 

• iPad or iPhone with DJI Go App and Pix4D Capture App Downloaded 

• Lightning cable for ipad  

• SD card (can be stored in drone camera) 

Before going to field:  

• Make sure both drone batteries are fully charged 

o To check charge of battery, tap button on battery once 

• Make sure remote controller is fully charged 

o To check charge of battery, tap button on controller once 

• Make sure iPad is charged 

• Make sure weather is permitting 
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o Wind should be less than 25mph 

o Don’t fly in the rain or severe weather conditions  

Unpacking, setting up, and flying drone:  

• Open case and set on landing pad 

• Turn on drone (push power once, then press and hold) 

• Turn on Controller (push power once, then press and hold) 

• Raise drone (Toggle switch many times on controller) 

• Attach camera (Either Sentera or X3 RGB) 

• Attach 4 rotors to drone (red to red and white to white) 

• Place drone in an open space 

• Turn on ipad – password is all 7’s 

• Clear all open apps (double tap home button and swipe away an open apps) 

• Open DJI Go App (blue icon) 

o Check for any errors 

o Check to see that the green arrow home button is set 

o You would use this app if you wanted to manually fly and take pictures 

• Open Pix4D capture app (Green icon with white box in it) 

• Go to Project List 

• Open Project 

• DUPLICATE project -> Yes 

• Hit save icon in lower right 
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• Hit start 

• Hit next 

• Drone takeoff checklist 

• Hit start 

• Drone will takeoff and complete mission 

• Double check that camera icons are dropping along the flight plan 

• Double check that camera is taking pictures 

• Hit the camera icon in upper right to see a live feed of camera 

• You’ll know pictures are taking correctly if there are flashes of the live camera 

feed 

• Drone will land automatically 

o Can also land manually if preferred 

After Flight:  

• Return to lab, transfer data to shared folder 


