APPLICATIONS OF UAS IMAGERY IN WHEAT BREEDING

By

ANDREW WALTER HERR

A dissertation submitted in partial fulfillment of
the requirements for the degree of

DOCTOR OF PHILOSOPHY

WASHINGTON STATE UNIVERSITY
Program of Molecular Plant Science

MAY 2024

© Copyright by ANDREW WALTER HERR, 2024
All Rights Reserved



© Copyright by ANDREW WALTER HERR, 2024
All Rights Reserved



To the Faculty of Washington State University:
The members of the Committee appointed to examine the dissertation of ANDREW

WALTER HERR find it satisfactory and recommend that it be accepted.

Arron H. Carter, Ph.D., Chair

Kimberly Garland Campbell, Ph.D.

Lav R. Khot, Ph.D.

Robert Brueggeman, Ph.D.

i



ACKNOWLEDGMENT
I want to thank Dr. Arron Carter, who agreed to take on a (still) young and naive Ph.D.
student, giving me the tools and the freedom to let my curiosity drive my research. Dr. Carter has
shown me what it looks like to be a successful scientist without sacrificing family or faith. He has
shown me the balance of asking intriguing questions without losing sight of an applied objective.
The decision to join the winter wheat program has changed my life for the better in more ways than

one and is a chapter of my life that I will never forget.

I want to thank my Ph.D. committee members, Dr. Kimberly Garland Campbell, Dr. Lav
Khot, and Dr. Robert Brueggeman, for guiding me in my research, highlighting the importance of
perspective, and showing interest in my work. I also want to thank those who I have had a chance to
work with, learn from, and bounce ideas off of: Dt. Lance Merrick, Dr. Dennis Lozada, Drx.
Sindhuja Sankaran, Dr. Osval Montesinos-Lopez, Dr. Samuel Revolinski, Dr. Xianran Li, and Peter

Schmuker.

None of my research would have been possible without the work done by the winter wheat
breeding team members, especially Gary Shelton, Kyall Hagemeyer, and Brandon Libey, for
maintaining all of the yield trials I utilized and vandalized with my research equipment, most

certainly making their lives harder.

1ii



APPLICATIONS OF UAS IMAGERY IN WHEAT BREEDING

Abstract

by Andrew Walter Herr, Ph.D.
Washington State University
May 2024
Chair: Arron H. Carter

Plant breeding is a field of study with goals that have not changed significantly over time:
develop cultivars with high yield, disease resistance, and drought tolerance, to name a few. While the
goals of a breeding program may not change frequently, the form and technology used with which
those goals are achieved are constantly evolving. High throughput phenotyping (HTP) with
unoccupied aerial systems (UAS) shows significant promise in improving how crops are bred. Data
collected from UAS can provide a breeder with new insights into how cultivars respond to stress
and a particular environment, creating potential use cases for improving other areas of breeding,
such as genomic selection and how field experiments are designed and analyzed. These new
technologies, however, should not be adopted without consideration. The first study, outlined here,
utilized three different HTP platforms and collection methodologies, two ground systems and one
UAS-based, to determine if there is a difference in the quality of data collected. Across four years,
data collected from ground systems only moderately correlated to UAS. It was also shown that data
collected with UAS produced more heritable data than that collected with either ground-based
system. While manufacturing specifications of the data collected from remote sensors may be
similar, it is essential to be aware of the methodology used in the collection. Reflectance data
standardization, sensor platform, and environmental conditions can significantly impact the quality

of the data obtained and limit utility across platforms and methodologies. In the second study,
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spectral reflectance indices (SRI) were evaluated for their ability to improve genomic selection (GS).
SRIs collected on 11,593 plots across four years were used with genomic data in univariate models
as covariates and in multivariate models as secondary response variables for the assessment of
prediction accuracy of grain yield. Including SRI data as covariates in univariate genomic prediction
models improved prediction accuracy over the control GS model but was unreliable across years. In
multivariate models, SRIs improved prediction performance across years, but due to the dataset size,
high-performance computational resources were required, which could limit feasibility in an applied
setting. The final study highlights the potential for SRI to improve how a breeder deals with field
variability in yield trial experiments. Across three years, 47 breeding trials were evaluated under three
spatial analysis strategies: linear models incorporating block-effect, row-column effect, and 2D
splines. Model fit was improved across all spatial analysis methods when SRIs were incorporated as
covariates. Model fitness was most greatly improved in unreplicated eatly-generation trials. This
study highlighted the potential of SRIs to enhance how breeding trials are analyzed despite extreme
environmental variables and climate conditions. This collective research highlights the challenges
and benefits of utilizing UAS imagery in an applied breeding pipeline. When used strategically, the
insights gained from UAS will, like genomic selection, make it an invaluable tool in the plant

breeder's toolbelt.
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Trends in UAS and Crop Science

Plant breeding is a field of research that will utilize any tools it can to improve the efficiency
of the cultivar development process. In an age of growing demand, unreliable growing conditions,
and limited resources, breeders must use any tools they can to release cultivars that are reliable,
efficient, and meet producer needs. Remote sensing tools are the latest technology showing promise

in aiding a breeder in their efforts.

Over the last two decades, the primary applications of small plot research remote sensing
have been unoccupied/uncrewed aerial systems (UAS, also called drones or sometimes UAV's
representing the vehicles themselves and ignoring the sensors on board), which have benefited the
agricultural community in phenotyping and precision agriculture applications. For example, Costa et
al. (2019) reported on compiled data from the Scopus database and other sources (Nardi et al., 2016;
Pallottino et al., 2018) noting that published work on phenotyping in context of omics, forestry, and
precision agricultural applications has increased since 2009, where the current frequency of

publications in phenotyping is up about 20% (2009-2017). These trends can be seen in Figure 1.

Similarly, in a recent meta-analysis of UAS for agricultural and environmental applications (n
= 163, last 20 years) utilizing machine learning and statistical models (Eskandari et al., 2020), found
that visible (RGB) imagery was most common. Among these, 62% of studies mostly used linear
regression. Applications of deep learning approaches to analyze UAS data are also increasing, given
high overall accuracies in varied applications (Eskandari et al., 2020; Osco et al., 2021). With
continuing technological development in sensor/sensing systems and data analytics comes a greater
number of images/sensor data, a greater possibility of multicollinearity of variables, and interest in

increasing the speed of decision making.
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Figure 1. Recent trends of key terms in UAS crop phenotyping in publications since 2006. Adapted

from data provided by Web of Science™

Advancements in sensors and sensing platforms have continued to improve over time,
positively impacting tools for diverse fields of research such as medicine, material science, and
microbiology, in addition to agriculture (Andukar et al., 2016; Hirano et al., 2015; Jaeger et al., 2016;
Khanal et al., 2017; Zhao et al., 2017). With several companies developing sensors with real-time
analytic outputs, it can be anticipated that sensors’ (RGB, multispectral camera, hyperspectral
camera, light detection and ranging (LIDAR) systems, etc.) spectral resolution, spatial resolution,
pixel dimension, compactness, and affordability will further improve, similar to DNA sequencing
(Hayden, 2014). In terms of sensing platforms and systems, UAS are becoming more affordable and
sophisticated in their operation (automation, communication, stability, payload, battery life, etc.).

Multiple companies continue to focus on adapting UAS technology for agricultural applications.



UAS are a crucial component of high throughput phenotyping (HTP), defined as the use of
sensors in conjunction with aerial, ground, or controlled environment systems to rapidly phenotype
large numbers of plants with some level of automation (D. P. Singh et al., 2021). The benefits of
adopting phenomics or HTP technologies in crop breeding programs are strongly tied to factors
such as genetic gain, costs and returns, rate of technology development, and breeders' comfort with
technological adoption (Awada et al., 2018). Removal of human bias of objectively estimated traits
will also improve accuracy. For example, Sankaran et al. (2015) correlated UAS-based sensing to
ground truth data on visual rating of emergence and spring stand at 0.86, and although high, the
discrepancy was more likely due to errors in ground truth measurements, and not the sensor image.
It is important to recognize that discussing ground “truth” data can be misleading, as human
measures are also subject to errors, in some cases more so, than automated systems (Cobb et al.,
2013). For novel traits, unlike existing traits, the confirmation of utility cannot be determined by
simple correlations with existing measurements, as they can from manually measured plant height,
plant lodging or stand counts. Instead, estimates of repeatability or heritability must be made to
show that these measurements reliably discriminate between different varieties and genotypes.
Phenomics has potential to improve both selection accuracy and accelerate generation cycles to
improve genetic gain through prediction (Adak et al., 2022; Adak et al., 2021¢; Rincent et al., 2019),
although beneficial breeding outcomes are yet to be demonstrated in practice. Wide-spread adoption
of UAS phenotyping approaches into plant breeding is reliant on some combination of three factors:
significant evidence of human bias in manually collected trait data, increased overall genetic gain
established with UAS technologies, or overall decreased cost of UAS data collection and analysis

(Araus et al., 2018).



Phenotyping of Routine Traits in Wheat

As shown in cotton, soybean, and maize above, high throughput phenotyping with UAS
spectral data can have positive breeding applications in small grain crops. Small grains like wheat
[Triticum aestivum 1..] are no exception and novel approaches compared with other crops have been
developed even as biology and breeding process among each differs. As with any novel high
throughput strategy, one of the first approaches in utilizing UAS systems is to reduce labor and

resource costs in sampling routine traits like grain yield and plant height.
pling g Yy p g

Plant Height and Biomass

Plant height is an essential trait of interest in small grain crops. In wheat, a moderate plant
height is a critical factor in reduced lodging (Berry et al., 2003) and increased yield potential (Carver,
2009). Plant height is also important for biomass prediction, plant stress evaluation, and cultivar
distinction (Aasen et al., 2015). Traditional strategies for plant height phenotyping are simple yet
labor intensive when sampling many plots. UAS-based RGB and multispectral cameras can be used
to generate a Digital Surface Model (DSM), a combined model of underlying topography and crop
features allowing for distinction in crop height relative to ground level (Granshaw, 2016). Using the
DSM method, Holman et al. (2016) found that wheat plant height by UAS is highly predictable (R
= 0.99) and as effective as terrestrial LIDAR. Similar results were found by Madec et al. (2017) and
Hassan et al. (2019a). Volpato et al. (2021b) validated these efficient and scalable findings under
extensive wheat breeding trials across several growth stages and determined that genotypic selection

using UAS data as covariates was equivalent to that of manual ground measurements.

Traditionally, evaluating above ground biomass is destructive, labor intensive, and infeasible
on a large scale. As mentioned above with plant height, biomass is important for increasing harvest

index, a limiting factor for improving grain yield (M. P. Reynolds et al., 2017). With accurate plant



height estimates from DSMs, it is possible to evaluate plant biomass more efficiently and without
crop destruction (Bendig et al., 2015). Several studies have shown that biomass can accurately be

estimated using UAS strategies (Jin et al., 2015; Sangjan et al., 2022).

Biotic Stress

Disease resistance is a critical feature in wheat cultivar development and can be responsible
for up to 100% yield loss under severe conditions. Growers demand disease resistance to maximize
yield potential and reduce other input costs for controlling the disease. Because of this, regularly
screening breeding populations against disease susceptibility is compulsory, but resource intensive
using current methods. UAS-based RGB and multispectral imaging is an appealing option in crop
disease infection and severity detection and has shown to be effective with various wheat diseases,
including leaf rust (Puccinia triticina), stripe rust (P. striiformis £. sp. tritici, also known as yellow rust),
and fusarium head blight (Fusarium graminearum) (Bauriegel et al., 2011; Dammer et al., 2011;

Dehkordi et al., 2020; W. Guo et al., 2021).

Canopy Cover

Canopy coverage is a secondary trait that can provide helpful insight into key agronomic
traits for wheat. In large plot applications, UAS collected vegetative indices can separate plant
canopy from the soil within the plot area based on a predetermined threshold. This methodology is
outlined well by Sankaran et al. (2015) in the determination of fall seedling emergence and can also
allow for the evaluation of other essential traits such as planting density and spring stand in winter
wheat (Jin et al., 2017; Kipp et al., 2014; Prey et al., 2018). Assessing canopy coverage temporally
also allows observation of canopy closure speed, a critical factor in drought tolerance (Mullan et al.,

2010).



Phenotyping of Previously Infeasible Traits in Wheat
Grain Yield-Related Traits

For breeders working with almost all crops, grain yield is a critical trait of interest and an
ideal gauge of overall biological and economic performance. Thus, grain yield is an appealing trait
for a wheat breeder to focus on when implementing high throughput phenotyping approaches (M.
Reynolds et al., 2020). It is well established that vegetation indices like NDVI and NDRE, through
UAS-based multispectral imaging, collected at heading or grain fill correlate highly with small grain
crop grain yields (Gracia-Romero et al., 2017; Lozada et al., 2020b). These indices work by
contrasting the maximum absorption of red or red edge in the leaf through chlorophyll and the
maximum reflectance of near infrared due to leaf cellular structure (Gitelson & Merzlyak, 1996;
Rouse, 1974). In wheat breeding programs, chlorophyll targeted vegetation indices are the
established index of choice for versatility in trait sampling and grain yield predictions (Magney et al.,
2016). Hassan et al. (2019b) conducted a study validating NDVI's performance for in-season
selection and grain yield temporally throughout the growth cycle and across a diverse population of
genotypes, indicative of a practical breeding strategy. The study validated that NDVI correlations to
grain yield are inconsistent before anthesis, yet consistently high during anthesis and grain fill. High
heritability between vegetation indices and grain yield has been well established and allows for
indirect selection in a breeding program (Duan et al., 2017; Lozada et al., 2020a). As technology
improves and hyperspectral sensors become available in UAS applications, new strategies can be
used in yield evaluation. Montesinos-Lopez et al. (2017) showed that utilizing a full range of
available narrow spectral bands (250) from a hyperspectral camera improved yield prediction

modeling over vegetation indices based on a few, often wide bands, as used in NDVIL



Canopy Temperature and Stomatal Conductance

Early use of handheld thermal imaging systems showed remote sensing technologies'
potential to evaluate previously impractical traits like stomatal conductance. Amani et al. (1990)
evaluated thermal image data from 24 spring wheat cultivars under water stress conditions across
two years. Thermal data was used to calculate the plant canopy temperature relative to the ambient
air temperature and it was found that this temperature depression was highly correlated to yield (r =
0.84), indifferent to growth stage or sample timing relative to irrigation. This study also found that
canopy temperature depression was significantly correlated to the mean stomatal conductance (r =
0.706), a key factor in developing heat and drought tolerant cultivars. In later work, Pinto et al. (2010)
found 15 QTL in wheat associated with heat and drought tolerance in a biparental mapping
population by evaluating canopy temperature. These QTL were also associated with improved root
architecture (Pinto & Reynolds, 2015). High throughput thermal imaging created the opportunity for

this discovery and improved the breeder's ability to screen and select drought tolerant cultivars.

Thermal imaging for canopy temperature currently has challenges for routine and practical
applications. Thermal data needs to be standardized relative to the ambient air temperature and
humidity. Standardized relative canopy temperature has been more useful in evaluating genotypes
than unstandardized temperatures, as outlined in Jones et al. (2009), Pinto et al. (2010), and Pinto &
Reynolds (2015). Another factor when maximizing utility of thermal data in evaluating canopy
temperature of small grains is to remove the background temperature of the soil and dead leaves.
Segmentation of thermal images allows for the isolation of green canopy, minimizing unwanted
noise and bias (Rischbeck et al., 2017). Given the promise thermal imaging already shows for use in

wheat, improvements in thermal methodology and technology could make adoption and use routine.



Small grains require a relatively small amount of water when compared to other staple crops.
This makes crops like wheat and barley ideal for semi-arid regions like those found in the United
States, Mexico, and Australia. As climate change makes farming difficult in these regions, breeders
need to identify drought tolerant varieties. UAV based thermal imaging for canopy temperature and

stomatal conductance can be a valuable tool in this pursuit.

Chlorophyll and Senescence

Chlorophyll is essential for photosynthesis by converting light energy to usable chemical
energy, so plant health, growth, and yield are directly influenced by chlorophyll content, making it a
trait of high interest in breeding. Spectral imaging has opened new avenues to estimate chlorophyll
content nondestructively during the growing season on a large scale. Munden et al. (1994) looked at
chlorophyll contents’ relationship to specific spectral bands in winter wheat and found that red edge
and NIR wavelengths most accurately related to chlorophyll content. Red, red-edge, and NIR
absorption in the plant canopy indicates chlorophyll -4 content, an indicator for overall plant health
(Xie & Yang, 2020). Standard spectral indices that effectively evaluate chlorophyll content and
overall plant health in wheat are NDVI and NDRE. These indices work by contrasting the
maximum absorption of red or red edge in the leaf through chlorophyll and the maximum

reflectance of near-infrared due to leaf cellular structure (Rouse, 1974; Gitelson & Merzlyak, 1996).

The evaluation of chlorophyll content and plant health is approachable compared to other
traits evaluated using UAV spectral data. Because of chlorophylls activity in the red wavelengths, it
has also been shown that canopy chlorophyll content can be estimated using an inexpensive RGB
digital camera in both wheat and rice from a handheld and UAV platform (Baresel et al., 2017,

Saberioon et al., 2014).



Yield potential is a major influence on the success of a wheat cultivar. One method to
achieve this potential is to maximize photosynthetic potential throughout the growth cycle by
selecting extended leaf area duration or “staygreen” (Parry et al., 2011). Radiation use efficiency traits
like staygreen are also crucial in stress conditions like drought by maximizing photosynthetic activity
through grain fill (Spano et al., 2003). The main feature of the staygreen trait is delayed senescence,
resulting in maintained chlorophyll content in the canopy for longer when compared to a genotype
without staygreen. In wheat, when spectral imaging data is collected temporally during grain fill,
delayed senescence can be observed with standard vegetation indices like NDVI (Lopes & Reynolds,
2012). This strategy for identifying cultivars with staygreen in wheat has produced precise
estimations and has been repeatably validated in breeding applications (Hassan et al., 2018; Zahra,

2017).

Targeting chlorophyll content using spectral data also allows for the potential to estimate
plant nitrogen content. The close relationship between nitrogen status and chlorophyll content in
wheat is well established (Baresel et al., 2017; Bojovi¢ & Markovi¢, 2009; Fitzgerald et al., 2010).
This relationship allows a farmer to utilize precision nitrogen applications based on spectral field
data (Xie et al., 2018). For breeders, observing chlorophyll content allows for the potential of
nitrogen status variability to be observed in large field trials. This variability can be accounted for,

and spatial corrections can be made, providing more accurate trial data.

Nitrogen Use Efficiency

UAV spectral imaging for the observation and management of nitrogen is a promising area of study,
providing breeders with the tools to improve nitrogen use efficiency (NUE) in wheat cultivars,
reducing the risk of nitrogen runoff and fertilizer input costs. Li et al. (2009) demonstrated the high

throughput potential in evaluating the NUE of winter wheat by collecting NDVI measurements on
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five cultivars across ten field locations in Northern China. Estimations of plant nitrogen
concentration and uptake from NDVI were low (R2 = 0.25 and R2 = 0.43, respectively) when
considering all locations. However, in a few locations, NDVI had a significant relationship to both
nitrogen concentration and uptake (R2 = 0.89 and R2 = 0.87, respectively). This study shows both
the potential and challenges associated with assessing NUE with remote sensing strategies. Another
study, conducted in the state of New York, found similar results using the Maccioni vegetation index

in evaluating nitrogen utilization and uptake efficiency (Frels et al., 2018).

In another study by Pavuluri et al. (2015), multiple regression and Pearson’s correlation
models of spectral data were used and able to explain most of the variability in both yield and
nitrogen uptake (84 and 83%, respectively) under diverse genetic and environmental variability. The
study also found that predictability was better when the wheat was subjected to a low nitrogen
regimen. Adequate nitrogen applications minimize variability in plant chlorophyll content and limit

the ability of spectral data to make accurate predictions of NUE.

NUE can be an impactful trait for breeders to target. The introduction of nitrogen efficient
wheat cultivars can minimize environmental impact while lessening farmers’ fertilizer costs.
Historically NUE was impractical to evaluate on a large scale in a breeding program. UAV spectral

imaging now allows breeders to consider nitrogen traits across an extensive breeding program.

UAS in Wheat Breeding

The undetlying success of UAS-based high throughput phenotyping in a breeding program
is the ability to improve genetic gain. Providing breeders with additional phenotypic and phenomic
trait data allows for more accurate selections leading to increased genetic gain in cultivar

development. In wheat, UAS data has been used in three strategies to improve the prediction in
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essential traits of interest. Phenotypic data has been used independently, used in conjunction with

genomic prediction strategies, or to account for spatial variability on a trial level.

Indirect Selection

Indirect selection is an effective method for estimating grain yield in winter wheat (Lozada et
al., 2020; Prasad et al., 2007). In this strategy, Indirect selection evaluates a secondary trait that
correlates to the primary trait of interest. The success of Indirect selection relies upon the secondary
trait’s heritability and the genetic correlation of the secondary and primary trait of interest (Falconer,

1989).

In breeding, even high throughput resources are limited. When dealing with several breeding
trial locations, collecting multiple data points across growth stages is not always realistic. In winter
wheat, research has been done identifying heading, flowering, and grain fill as key growth stages to
collect spectral data to maximize secondary trait heritability and grain yield prediction (Babar et al.,
2007; Lozada et al., 2020). Hassan, Yang, Rasheed, et al. (2019) evaluated UAV-NDVI data collected
on 32 cultivars in high and low water stress environments and found that heritability for NDVI was
highest at flowering (h*=0.95). Despite this high heritability, correlations of NDVI to grain yield
were low in both the irrigated and unirrigated locations (R*=0.40 and 0.08, respectively), indicating a

limited genetic correlation of traits.

When used alone, Indirect selection poses a few challenges when being implemented to
evaluate complex agronomic traits. Indirect selection using spectral indices lacks the robustness
needed to work under all breeding trial scenarios. Diverse sample populations and unreplicated trials
create the potential for low heritability values for indices, decreasing predictive power (Bowman et
al., 2015). While reflectance indices have limited effectiveness when used in Indirect selection, great

potential has been shown when used in combination with genomic selection (Lozada et al., 2020).
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Phenotypic & Genomic Selection

Beyond UAS, it has been shown that secondary traits associated with the primary trait of
interest can improve prediction accuracy when used as fixed effects. For example, large effect QTL
linked with winter wheat baking quality improved predictions when used as fixed effects in ridge
regression models (Michel et al., 2019). Likewise, Bernardo (2014) found that when major genes are
responsible for 210% of genetic variation are present, and are used as fixed effects in genomic
selection, prediction accuracy improves. Secondary phenotypic traits have also been shown to
improve genomic selection when used as fixed effects. Compared with only DNA marker genomic
data, the prediction accuracy of genomic selection models like rtBLUP can be improved when
secondary phenotypic traits like UAS reflectance indices when incorporated as fixed effects in a
prediction model (Krause et al., 2019, 2020; Lozada et al., 2020a). This strategy utilizes correlated
traits from indirect selection but accounts for genotypic variability, creating a more robust prediction
methodology. Lozada et al. (2020a) recently found that multiple HTP reflectance indices, when used
individually and in conjunction with one another in a genomic prediction model, significantly

increased the prediction accuracy for grain yield.

Despite the growing interest and utilization of genomic selection in breeding strategies,
success has been limited when looking at highly quantitative traits across breeding cycles. It is
known that genomic selection models need to be updated over cycles (Merrick et al., 2022).
However when utilized in conjunction with HTP data across breeding cycles, as outlined in Figure 2,
it is possible to account for more error in models, improving overall genomic selection performance;
yet it remains unknown if that allows longer cycles between updating models. Using the findings
mentioned above, J. Sun et al. (2019) evaluated the potential of genomic selection with and without
secondary traits, UAS derived canopy temperature and green normalized difference vegetation

index, to improve grain yield prediction ability across cycles. Three advanced wheat yield trials,
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consisting of 1092 unique genotypes, were evaluated across three years. Their results showed that
prediction accuracy of grain yield across breeding cycles increased by an average of 146% when
secondary traits were included. This showed that UAS derived phenotypic data can capture variation

genomics cannot and reduces prediction error.

Genomic Selection
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Figure 2. Sample wheat breeding pipeline with potential points of implementation of HTP in

combination with genomic selection.

Confounding Factors and Limitations in Field Phenotyping

As with any breeding program, resources are limited, and decisions must be made when
collecting phenotypic data across an extensive breeding program. UAV-based phenotyping
platforms allow large amounts of spectral data to be collected; however, to minimize error, it is
imperative to plan flights within a defined timeframe of solar noon on days with consistent
irradiance. These factors limit the number of possible flights across the growing season. Breeding

scenarios with many yield trial locations across diverse environments may only collect data at each
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location at a single growth stage. For example, in wheat, research has shown that a breeder with a
focus on drought tolerance and grain yield potential can reduce data collection across growth stages
and focus on collecting spectral data at heading and grain fill, allowing for more locations to be

evaluated (Babar et al., 2007; Hassan, Yang, Rasheed, et al., 2019; Lozada et al., 2020; Sun et al.,

2019).
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Abstract

In an era of climate change and increased environmental variability, breeders are looking for
tools to maintain and increase genetic gain and overall efficiency. In recent years the field of high
throughput phenotyping (HTP) has received increased attention as an option to meet this need.
There are many platform options in HTP, but ground-based handheld and remote aerial systems are
two popular options. While many HTP setups have similar specifications, it is not always clear if
data from different systems can be treated interchangeably. In this research, we evaluated two
handheld radiometer platforms, Cropscan MSR16R and Spectra Vista Corp (SVC) HR-1024i, as well
as a UAS-based system with a Sentera Quad Multispectral Sensor. Each handheld radiometer was
used for two years simultaneously with the unoccupied aircraft systems (UAS) in collecting winter
wheat breeding trials between 2018-2021. Spectral reflectance indices (SRI) were calculated for each
system. SRI heritability and correlation were analyzed in evaluating the platform and SRI usability
for breeding applications. Correlations of SRIs were low against UAS SRI and grain yield while using
the Cropscan system in 2018 and 2019. Dissimilarly, the SVC system in 2020 and 2021 produced
moderate correlations across UAS SRI and grain yield. UAS SRI were consistently more heritable,
with broad-sense heritability ranging from 0.58 to 0.80. Data standardization and collection windows
are important to consider in ensuring reliable data. Furthermore, practical aspects and best practices
for these HTP platforms, relative to applied breeding applications, are highlighted and discussed.
The findings of this study can be a framework to build upon when considering the implementation

of HTP technology in an applied breeding program.

Introduction
Severe weather and climate change are creating new challenges in maintaining and improving
global food production. Plant breeding is an important tool in adapting to these difficulties (Brown

et al., 2015). However, the plant breeding process is not immune to extreme or unpredictable
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environmental conditions, impacting selection efficiency and genetic gain (Xiong et al., 2022).
Despite steady increases in genetic gain, global cereal crop demand is projected to surpass
production by 2050 (Ray et al., 2013). A practical method for increasing crop production is through
the release of new cultivars by increasing genetic gain. On average, it takes 7-12 years to release a
new winter wheat cultivar (Carver, 2009). Thus, it is imperative to look at new methods that increase
genetic gain, decrease cycle time, and improve grain yield in an era of climate change and extreme
environmental variables (Xiong et al., 2022). Recent advancements in genomic technologies have
provided breeders with large amounts of data to utilize genomic and marker-assisted selections.
However, genomic data has limited use without the backing of phenotypic data, creating a new
bottleneck in the industry, and limiting cultivar development efficiency (Mir et al., 2019). One
proposed solution to this limitation is implementing high throughput phenotyping (HTP) methods

associated with established breeding strategies (Reynolds et al., 2020).

The development of HTP results from advancements in imaging sensors, image processing
technology, and an understanding of secondary phenotypic traits (Pauli et al., 2016; Mir et al., 2019).
Despite these advancements, unoccupied aircraft systems (UAS) technology can be fastidious and
resource intensive for simple plant breeding applications. Most HTP strategies require the purchase
of expensive specialized equipment and tedious data standardization and processing pipelines. There
is a continued need to identify and adapt HTP technology to better aid the breeder while

maintaining cost-effectiveness (Reynolds et al., 2020).

There are three primary options in field-based HTP. Satellites allow for the high throughput
collection of field-scale images yet are limited by image frequencies and resolution, critical factors in
plot-level research applications. Alternatively, ground-based and handheld systems provide high

resolution imaging across a wide range of frequencies but can be challenging to handle and capture
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larger-scale, multi-plot images quickly. UAS provide a “goldilocks” ratio of utility, temporal
frequency, and spatial resolution (Araus and Cairns, 2014; Song et al., 2021). Rotocopters are a
versatile platform that allows for high throughput, high resolution image capture. Due to power
usage and battery capacity, the limitations of the platform arise in payload capacity and flight time

(Sankaran et al., 2015b; Xie and Yang, 2020).

The spectral reflectance data collected from handheld radiometers and UAS cameras has
minimal uses in its raw form. Spectral reflectance indices (SRI) are used to evaluate target features
and remove image noise creating a practical, standardized trait value (Myneni et al., 1995; Xue and
Su, 2017). Vegetation indices are developed by evaluating the reflectance value of the plant canopy
at specific light bands associated with photosynthetic mechanisms. Normalized Difference
Vegetation Index (NDVI) is a prevalent index used to evaluate plant health by evaluating contrast in
the maximum absorption of red in the leaf through chlorophyll pigmentation and the maximum
reflectance of near-infrared due to leaf cellular structure (Rouse Jr, 1974). Normalized Difference
Red-edge Index (NDRE), another popular standard vegetation index, works similarly to NDVI but
replaces red with red-edge absorption relative to NIR (Gitelson and Merzlyak, 1996). The vegetation
index used depends on the crop, growth stage, and target trait. These factors influence reflectance
values and relative index effectiveness (Wientjes et al., 2017; Lozada et al., 2020; Herr et al., 2023).
Vegetation indices have many applications in capturing routine trait estimates like plot quality, biotic,
and abiotic stress (Sankaran et al., 2015a; Guo et al., 2021; Sarkar et al., 2022; Sapkota et al., 2023), as
well as previously infeasible traits like chlorophyll content and nitrogen content (Xie and Yang,
2020; Yin et al., 2022). Unlike vegetation indices, water indices such as Normalized Water Index
(NWI) use infrared range reflectance to evaluate stomatal conductance and overall photosynthetic

efficiency (Babar et al., 2006). Water indices can evaluate and predict relative water content, leaf
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osmotic potential, stomatal conductance, and canopy temperature(Gutierrez et al., 2010; Bal et al.,

2021; Visitacion et al., 2022).

For most breeders working with cereal crops, grain yield is the critical trait of interest and an
ideal gauge of overall biological and economic performance. Grain yield in wheat is highly
quantitative and can make selection efficiency difficult (Reynolds et al., 2012). It is well established
that NDVI and other vegetation indices like NDRE and NWI, through high throughput
multispectral imaging, correlate with cereal crop grain yields (Geipel et al., 2014; Gracia-Romero et
al., 2017; Lozada et al., 2020). It has also been shown that SRI data can be utilized to improve tools
like genomic selection for grain yield. Thus, grain yield is an appealing trait for a breeder to focus on
when implementing HTP approaches (Reynolds et al., 2020; Montesinos Lopez et al., 2022; Herr et

al,, 2023).

SRI heritability and correlation to grain yield are leading indicators of SRI and platform utility.
A strong repeatable relationship to grain yield can determine data quality and efficiency of selection
in large-scale field-based breeding applications. While the sensors evaluated in this study collected
the same SRIs, each has a different manufacturer, sensor type, and processing pipeline. Sensor
differences create the potential for variances in data value and quality. These variances are compared
and discussed. Finally, the practical aspects of the platforms are compared for their potential cost
relative to the benefit they could provide (i.e., the improved resolution of ground collected data is

not worth the extra logistics required in data collection).

With the growing interest in utilizing high throughput phenotyping technology in plant
breeding, this study aimed to compare the SRI data collected from breeding trials between ground

systems and UAS and determine if the use of ground-based handheld systems provides an increased
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resolution and data quality that justify the negative aspects of the platform, like collection time, data

noise, and secondary applications.

Materials and Methods
Study Population

The Washington State University (WSU) winter wheat breeding program has collected
multispectral data with three different phenotyping systems as indicated in Figure 1: A handheld
multispectral radiometer, the Cropscan MSR16R (CROPSCAN Inc., Rochester, MN, USA), a
handheld full-range hyperspectral spectro-radiometer, the Spectra Vista Corporation (SVC) HR-
10241 (Spectra Vista Corporation, Poughkeepsie, NY, USA), and a UAS-based system, a Sentera
Quad Multispectral Sensor (Sentera Inc., Minneapolis, MN, USA) mounted on a DJI Inspire 1 rotor

copter platform.

Data for all platforms was collected at anthesis due to its established relationship with grain
yield (Duan et al., 2017; Lozada et al., 2020). Each population evaluated was sampled on the same
day by both the UAS and compared handheld system. Handheld data was collected within a six-hour
window of solar noon, which was the typical time required to collect data given the number of plots
in the trials. UAS data was collected within a four-hour window of solar noon. In these trials, UAS
data was often collected at or near solar noon to try and be in the middle of the handheld data
collection timeframe, and flights often took 20 minutes. The UAS mounted with the Sentera camera
flew a programmed route at an altitude of 45 m, with an 85% longitudinal and lateral overlap of
georeferenced images. All data was collected on days with clear skies to limit variability in solar

radiation. All trials were grown in Pullman, WA, as shown in Figure 1, and include:

e A genetically diverse Quality Association Mapping (QAM) panel;

e Unreplicated single plot yield trials of soft white and hard red winter wheat;
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e Replicated alpha-lattice preliminary yield trials of soft white and hard red winter wheat;

e Replicated alpha-lattice advanced yield trials of soft white and hard red winter wheat.

Table 1 outlines the study populations’ characteristics, including year, trial design, total
number of unique entries, number of total plot observations, and HTP data type collected. Plots
were planted using a double-disc 8-row small plot planter at a seed density of 250 seed per square
meter. Total plot size was 1.5 meter wide by 3.5 meter long. Ground was prepared by grower
cooperators using minimum-tillage techniques and practices customary of the region. Grain yield
data were collected at all locations with a Zurn 150 harvester (Zurn Harvesting GmbH & Co. KG,
Waldenburg, Germany). Weather data for each year can be found at weather.wsu.edu for the
Pullman, WA location. Single environment adjusted means were calculated for all observations of
grain yield. Grain yield was the focus of observation given its importance as the final end-value

selection parameter in many plant breeding programs.

UAS Phenotypic Data

The Sentera Quad Multispectral Sensor covered target bands of interest for winter wheat
evaluation. The camera has four sensors that cover eight broad spectral bands between 450 nm and
970 nm. Collected UAS images are stitched and prepared for data extraction in Pix4Dmapper
(Pix4D Inc., Denver, CO, USA), creating a single orthomosaic image for each sensor per location.
Orthomosaic images were transferred to Quantum Geographic Information System (QGIS) for plot
identification and then further processed with a custom R code for calibration, index calculation,
and single plot mean data extraction. In 2018 and 2019, a single reflectance panel (85% reflectance)
was used for radiometric calibration on RBG and red edge bands. Quantum efficiency coefficients

were used to calculate NIR using:

NIR = (2.921 X Blue) — (0.754 X Red).
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The NIR band was then normalized with a coefficient of 3.07 during the calculation of SRIs
(Ortiz et al., 2021). In 2020 and 2021, a set of calibration panels (five panels ranging from 2% — 85%
reflectance, MosaicMill Oy, Vantaa, Finland) was implemented. Igbal et al. (2018) developed a
simple radiometric calibration methodology using a set of calibration panels with a known variation
of reflectance at each broadband wavelength of interest. The band layers are adjusted based on the

relationship:

SR=DNXxm+b,

where digital numbers (DN) are the raw observed pixel values for collected orthomosaic images and
Surface Reflectance (SR) is the true reflectance value. Slope (m) and intercept (b) are variables
explaining the relationship between observed and true values of the reflectance panels. Once slope
and intercept are calculated based on the reflectance panels’ regression, the corresponding bands can

be adjusted.

Ground Phenotypic Data

Like the Sentera sensor, the CROPSCAN MSR16R covers target bands of interest. The
CROPSCAN radiometer has 16 broad spectral bands that range from 430 nm to 970 nm. Before
data collection the sensor is calibrated using manufacture provided calibration panel. The sensor
was attached to a pole and placed 1m directly above the wheat canopy in the middle of the plot. One
plot is collected at a time, and a mean value for each spectral band is logged for that plot. An
irradiance light sensor accounts for light variation and reduces noise in reflectance values. The
CROPSCAN MSR system software is used to retrieve collected band values. Plot reflectance values
were normalized across all observations by dividing each plot reflectance value by the standard

deviation of reflectance values within a trial.
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The SVC HR-1024i is a hyperspectral sensor collecting thousands of narrow band values
between 338 nm and 2515 nm for each plot. Before sampling, the sensor was calibrated using the
manufacture provided calibration panel. The SVC was held by hand at a height of 0.75 m above the
plot at an approximate 20-degree angle. Collected SVC data reflectance curves were observed for
each plot. Observations with abnormal reflectance curves below 1000 nm were removed from the
evaluation. Band reflectance values were normalized as done with CROPSCAN data. Broadband
values that reciprocate the collected UAS bands were then calculated by averaging all SVC

narrowband values within the 50 nm desired broadband window.

Spectral Reflectance Indices Calculation and Data Analysis

Comparing these systems is based on three overlying factors: grain yield correlation with water
indices, grain yield correlation with vegetation indices, and overall utility for a large-scale breeding
program. The processed spectral reflectance data collected from each plot for both the handheld
and UAS platforms were used to calculate the vegetation indices NDVI, NDRE, Transformed
Chlorophyll Absorption Reflectance Index (TCARI), Modified Triangular Vegetation Index (MTVI),
and the water index, NWI. NDVI and NWI are the most commonly used in each of their
corresponding categories and are ideal measures of plant stress and canopy water stress, respectively,
in winter wheat (Prasad et al., 2007; Lozada et al., 2020). NDRE, TCARI and MTVI were chosen
because of their past success in our breeding program in correlating to yield and accounting for
environmental variability. The spectral reflectance bands used and formulas for these indices are

shown in Table 2.

Broad-sense heritability (H2) was calculated for SRIs across all sampled locations for grain
yield. Genotype, replication, block, environment, and genotype by environment variation were used

as random effects in the calculation of H2 with the formula:
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where 6 is genetic variance, &5 is variation due to genotype by environmental effect, 62
represents variation due to error, x signifies the number of environments, and 7 represents the
number of replications (Bernardo, 2002). Variance components used in heritability calculations were
estimated using the “lme4” package in R. Heritability, in conjunction with correlation to grain yield,

will indicate an index’s success in indirect selection.

Phenotypic correlations among traits were calculated within the two datasets as Pearson
correlations using “cor’ function in R. Scatterplots and regressions for each unique year and

platform combination was generated using "ggplot2” in R.

Principal component analysis (PCA) was conducted for the 2018-2019 and 2020-2021
populations using NDVI, NDRE, TCARI, MTVI and NWI for each platform as well as grain yield.

PCA was conducted using the “FactoMineR” package in R.

Results
SRI Correlation Across Platforms and with Grain Yield

Within each population, the correlation of indices was evaluated between collection methods
as well as between indices and grain yield. In 2018-2019 correlations with grain yield were close to
zero or slightly negative with handheld NWI, ranging from -0.23 to 0.22. Handheld NDVI was
negatively associated with UAS NDVI with a correlation of -0.48, whereas handheld NWI and
NDRE had a small positive association with UAS with a correlation of 0.24 and 0.2, respectively. In
the 2020-2021 population, NDVI and NDRE had a moderate to high positive correlation between
collection strategies and grain yield, as seen in Figure 2 and reinforced by PCA in Figure 3. NWI had

a low correlation between UAS and handheld, with a coefficient of 0.07. When correlated to grain
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yield, UAS and handheld NWI had a negative association of -0.34 and -0.67, respectively. The
negative correlation between water-based indices and grain yield was supported in PCA. This
negative correlation is expected in NWI with both vegetation indices and grain yield. A lower NWI

value indicates higher water content in crop canopy.

Linear Relationship of SRIs to Grain Yield

A clearer relationship can be seen when linear regressions are conducted with SRIs and grain
yield, as seen in Figure 3. Across all years and environmental conditions, UAS NDVT has an
expected linear distribution relative to grain yield. Both handheld systems used in this study
produced high NDVI values across observations while producing more non-normal distributions
relative to grain yield. UAS NDVI generally has a stronger linear relationship to grain yield over the
handheld counterpart. Only NDVI is shown because of its relevance to wheat. All other SRIs

evaluated have similar trends.

PCA of SRIs Across Platforms and Grain Yield

The first principal component (Dim1) captured between 35.6% and 55.8% of the
phenotypic variation. The second principal component (Dim2) was only able to explain between
30.9% and 22.4% of trait variation. PCA biplots of individuals in both populations group years
along Dim1, indicating strong between-year environmental variability. QAM diversity panels group
closely within their given year, while breeding trials (single plot, preliminary, and advanced) tend to
spread across Dim2. As seen in Figure 4, the 2020 observations are tightly grouped due to ideal
growing conditions reducing genetic expression in trait variability. In 2018-2019 handheld generated
indices contributed most in Dim1 while UAS generated indices contributed more in Dim2. This
differs from 2020-2021 where most indices were contributing to Dim1 whereas only handheld

MTVI and UAS NWI were major contributors to Dim2.
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Heritability of Grain Yield and SRIs in Evaluated Trials

Broad-sense heritability for spectral indices of all years evaluated was moderate to high, with
a range of 0.50 to 0.80. Grain yield heritability was also calculated at 0.65 in 2018-2019 and 0.76 in
2020-2021, as seen in Table 3. Across both populations, UAS collected indices had a higher
heritability than handheld collected indices. This difference was greater with NDVI and NDRE than

with NWIL.

Discussion

In this study, we have outlined the differences in the correlation and heritability performance
of SRIs collected from handheld and UAS systems relative to grain yield. This study evaluated HTP
data of a breeding population from a single location, over four highly differing years. This is typical
of most breeding programs where lines are evaluated initially and selected based on performance at
one location. Despite these factors, there are clear differences in the capability of the tested HTP
systems for application in a breeding pipeline to improve grain yield selection potential as secondary
traits. Both phenotypic correlation and heritability of SRIs were assessed to evaluate the utility in
improving selection for grain yield. This section, along with the discussion of analytical results, will
break down the less tangible aspects of the HTP systems used in this study and their relative

potential utility in breeding applications.

SRI Correlation and Precision Across Platforms

The correlations of SRIs in the 2018-2019 dataset were generally lower than that of the
2020-2021 dataset. It is important to note that NWI is a water index that negatively associates with
canopy water content. A higher NWI value indicates lower canopy water content, meaning that a
strong negative correlation to grain yield is ideal (Bandyopadhyay et al., 2014). This relatively low

correlation in 2018-2019 is potentially due to inadequate data quality caused by more primitive data

38



standardization and poor sensor quality, where only one calibration panel was used. The poor data
quality in 2018-2019 is also exemplified in the low correlations of corresponding SRIs between
handheld and UAS. Similar findings were shown by Deng et al. (2018) and Diaz-Delgado et al.
(2019), both highlighting inconsistencies in sensor performance and correlation, especially when
sensor quality or calibration methods are inadequate. Finally, despite moderate heritability, the 2018-
2019 SRI data correlates poorly with grain yield. This suggests that the collected data was not
capturing the chlorophyll or water content targeted by SRIs, possibly because of the reduced
calibration panel set. Ensuring that data collected is of the highest quality is always essential. As
additional research was published suggesting the move from a single calibration panel to multiple
panels, subsequent data was improved and yielded higher correlations with grain yield (Duan et al.,

2017; Guo et al., 2019).

Unlike the 2018-2019 dataset, in 2020 and 2021, correlations are improved to moderate or
high across SRI and platform. UAS data correlations are most likely improved over the 2018-2019
population due to an improved image calibration strategy using a set of five calibration panels. The
2020-2021 data also displays expected patterns across the correlation table between grain yield,
handheld and UAS data indicating a more successful capture of target physiological characteristics
relative to the 2018-2019 dataset. There are generally stronger correlations among grain yield UAS
data in 2020-2021 relative to 2018-2019. These differences between datasets collected by the two
ground based systems could possibly be because of variation in climatic conditions of the years.
More likely, the improved correlations in 2020 and 2021 were because of improved data quality with

the enhanced calibration strategies that were implemented.

The variation shown between sensors in this study is most likely not due to the sensor itself

but in the methods by which those sensors were used. Theoretically each sensor should be able to
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capture the same reflectance values. Error in end SRI values is not being introduced by the sensor

itself but in how the sensor is calibrated, the platform used, and the manufacture methodologies.

The handheld radiometer systems do not have as quick of a collection speed as UAS,
allowing for the introduction of error, similar results were found by Tattaris et al. (2016). This issue
will be discussed in later sections. This study also validated Tattaris et al. (2016) in higher
correlations of UAS derived vegetation indices to yield relative to ground based proximal sensors.
In 2020 and 2021, handheld platforms did outperform UAS with NWI correlations. The outlier in
correlation is most likely due to NWT's susceptibility to environmental variability and general sensor
quality. These results are corroborated in Gutierrez et al. (2010) and Bandyopadhyay et al. (2014),
highlighting difficulties in working with NWI. The SVC sensor used in 2020 and 2021 is a
hyperspectral sensor capable of greater precision in reflectance evaluations. Reflectance bands used
in calculating NWTI are within the median reflectance range of the SVC sensor, whereas the UAS

camera works with secondary modified sensors.

SRI Heritability and Reliability in Selection

Across all evaluated SRIs in both populations, UAS data produced a higher broad-sense
heritability than handheld systems. This difference in heritability between systems is most likely due
to the increased variability of SRI data introduced during a lengthened data collection window.
Handheld systems have the disadvantage of collection efficiency, taking approximately 10 seconds
per plot, whereas a UAS system can average under 2 seconds per plot. While the UAS, Cropscan
and SVC all have methods for sensor calibration, slight changes in solar position and intensity likely
impacted reflectance readings. It has been well established that minimization of error during the
spectral reflectance data collection process is critical to the final data quality (Guo et al., 2016; Ortiz

et al., 2021). Because the UAS system captures several plots at a time and the same plot multiple
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times, all within a 20-30 min window;, it is likely that UAS reflectance data has a reduced potential
for error relative to the handheld radiometers used. This difference in data quality is also observed in

NDVT's relationships to grain yield across years, shown in Figure 3.

The moderate SRI heritability observed in this study is expected due to a portion of the
study population being unreplicated trials. We also expect heritability in the 2018-2019 population to
be lower than the 2020-2021 population due to the increased variability of the population from the
inclusion of the QAM diversity panel (Bowman et al., 2015). SRI heritability was generally lower
than grain yield, limiting the potential application for indirect selection. However, the moderate
correlation and heritability of SRIs suggest the potential for improved genetic gain when utilized as
secondary traits in selection. The utilization of SRI data for utilization in breeding for grain yield is
most promising when incorporated in genomic selection strategies as a covariate or in multivariate

models as shown my Lozada et al. (2020) and Montesinos Lopez et al. (2022) respectively.

Platform Utility in a Breeding Program

For most plant breeding programs grain yield is the primary trait of interest. The highly
quantitative nature of the trait can make selection and prediction efficiency difficult (Reynolds et al.,
2012). There is evidence that SRI data can complement and improve tools like genomic selection
and machine learning prediction for use in the breeding strategy of grain yield (Montesinos Lépez et
al., 2022; Herr et al., 2023). It is important to validate that the methods used in secondary trait data

collection are high quality, heritable, and correlate well to the primary trait of interest.

The overarching goal of this study was to determine if the use of ground-based handheld
systems provides an increased resolution and data quality that justify the negative aspects of the
platform, like collection time, data noise, and secondary applications. As mentioned above, handheld

systems have the disadvantage of collection speed; this difference is amplified when capturing large
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breeding trails. A UAS can collect all data of a 1000 plot breeding trial in approximately 30 min,
whereas the handheld system will take roughly 3 hours. In smaller research programs and
applications, this difference would have minimal impact on the ability to collect desired datasets.
However, in large breeding programs with multiple trial locations, collecting reflectance data across
all locations at more than one or two critical time points can be difficult. Solar and weather
limitations create narrow windows for image capture, and UAS imaging allows for flexibility in data
collection timing. Under ideal environmental conditions, UAS allows for quick data capture across
several locations in a single day. The variability seen in heritability and correlation between handheld
and UAS is partly due to the differential in capture time. The increased time it takes a handheld
radiometer system to collect data on an entire breeding trial, 2-3 hours, creates the potential for
changes in solar radiation caused by solar angle or cloud cover. This will produce within field errors
in collected reflectance data, creating challenges in distinguishing genetic, phenotypic, and

environmental variability (Tattaris et al., 2010).

The HTP systems used in this study highlight the reality of working with technology in long
term breeding research applications. When first evaluating the potential of HTP, UAS sensors were
not common, thus the Cropscan system was utilized as a platform that was easy to implement in a
tield-based breeding program. In 2018, as more UAS and sensors became available, they were used
in tandem with the hand-held Cropscan. When the Cropscan broke in 2020, alternative solutions
were pursued for a ground based radiometer, leading to the use of the SVC system. Similarly, with
the UAS calibration, when starting in 2018 the manufacturer recommendations of a single white
panel were used. As new research came out it became evident for the need to implement higher
quality, multi-panel radiometric calibration in 2020 and 2021. With technology constantly changing
and improving, it is important to recognize the potential improvements these can make. It also

important to note that new methodology or equipment can impact the quality and reliability of SRI
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data as shown in this study. As other breeding programs begin using HTP, it is valuable to evaluate
different UAS calibration strategies and handheld platforms within the same population and year,

and across a diverse set of environments, to clearly identify each technology’s reliability.

Each of the three phenotyping systems used in this study has a different method of
calibration, collection, and processing that influence the quality of data collected. The SVC and
Cropscan radiometer systems initially use a white reference panel to calibrate the sensor. These
radiometers do not collect actual images but a range of mean reflectance bands within the sensor
field of view. The Cropscan system requires custom software for post-processing to populate
reflectance values, and the SVC requires normalization and conversion of narrow hyperspectral band
values to multispectral broadbands. A major disadvantage of these radiometers is their inability to
screen for reflectance noise within the sensor field of view. The UAS used in this study collects
images which are later stitched into an orthomosaic containing the desired reflectance values. These
orthomosaics can be used to create soil masks, removing soil and other non-plant reflectance in

calculating mean plot reflectance for later use in SRI calculation.

Calibration is another strategy for minimizing reflectance noise and standardizing collected
data. All platforms in 2018-2019 and the handheld system in 2020-2021 used a simple single-panel
radiometric calibration technique that utilizes the know reflectance of a white panel to adjust sensor
readings based on the observed panel reflectance. This method is effective but is more limited in
accurately adjusting each reflectance band (Igbal et al., 2018). Radiometric calibration with a range of
calibration panels, a method used for 2020-2021 UAS data collection, improves the former strategy
by utilizing three to five reflectance panels with a known range of solar absorption. The range of
panels can be used to produce a regression of expected reflectance against observed for each

reflectance band of interest. This technique allows for more precise adjustment in individual band
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readings, producing more reliable reflectance values (Wang and Myint, 2015; Igbal et al., 2018). The
removal of soil noise, robust radiometric calibration, and short flight times minimize the error in the

data collected, ensuring reflectance data quality across time and locations.

It is important to maximize limited resources in large-scale applied plant breeding research.
Any implementation of HTP can be costly and time consuming. Because of this, when looking at
implementing HTP into a breeding program, it is important to consider the versatility and range of
the platform selected. The handheld radiometers used in this study can collect high resolution
reflectance data across a broad spectral range with the potential for producing SRIs with moderate
heritability and correlation to yield, yet are limited in their ability to account for soil noise or
inconsistent solar radiation. The data capture speed limits the quality of data collection across
locations and time. The lack of orthomosaic image capture in these systems also limits access to

secondary traits of interest like plant height and canopy coverage estimates.

With the continual improvement in technology and software, the barrier to entry for UAS
phenotyping continues to drop. The speed and efficiency of UAS minimizes labor and cost while
providing quality data for further use in breeding strategies. However, it is important to consider
best practices that will minimize unwanted environmental variability in collected UAS data. One way
that this can be done is by utilizing multiple radiometric calibration panels as outlined in 2020 and
2021 UAS data collection (Igbal et al., 2018). Another practice that can minimize unwanted
variability is in timing of UAS flights. Most sensors utilized on a UAS are passive sensors, therefore,
it is important to adjust for shadowing and variability of solar radiation. For best results it is
recommended to fly within a 4-5 hour window of solar noon on days without clouds (Ortiz et al.,
2021). In plant breeding programs looking to incorporate high throughput phenotyping, the UAS is

an efficient and versatile option that when used properly can produce high quality data.
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Opverall, it is important to know that not all HTP systems for data collection are created equal.
Knowing what HTP traits are most important to the program, frequency and scale of data
collection, and resources allocation will help determine which platform will be most beneficial in
HTP data collection. When implemented properly, UAS are the more promising system for SRI

collection in large-scale breeding programs.
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Tables and Figures

Figure 1. The imaging systems used in this study were (A) a DJI Inspire 1 UAS with a Sentera Quad
Multispectral Sensor, (B) Cropscan MSR16R, and (C) SVC HR-1024i. (D) highlights the study

location.
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Figure 2. Correlation table of grain yield, handheld collected SRIs, and UAS collected SRIs in (A)

2018-2019 population and (B) 2020-2021 population. NDVI — Normalized Difference Vegetation

Index; NDRE — Normalized Difference Red Edge; NWI — Normalized Water Index.
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Figure 3. Linear regression of grain yield and handheld NDVI (A, C, E, G) or UAS NDVI (B, D, F,

H) in each year evaluated. NDVI — Normalized Difference Vegetation Index.
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Figure 4. Principal component biplot of individuals and vector of variables in (A) 2018-2019
population and (B) 2020-2021 population showing the genetic relationships of QAM diversity panel,

early generation single plot, preliminary, and advanced trials.
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Table 2. Spectral reflectance index equations.

Spectral Reflectance Reference
Abbreviation Equation
Index
Normalized Difference (Rouse Jr,
NDVI (R800 — R680)/(R800 + R680)
Vegetation Index 1974)
(Gitelson and
Normalized Difference
NDRE (R800 — R700)/(R800 + R700) Merzlyak,
Red Edge
1996)
Transformed Chlorophyll 3 x [(R700 — 680) — 0.2 x (R700
(Haboudane
Absorption Reflectance TCARI — R550)(R700
et al.,, 2002)
Index /R680)]
Normalized Water Index NWI (R970 — R800)/(R970 + R800) (Gao, 1996)
((R700 — R550))/V((2 * R800
Modified Triangular (Haboudane
MTVI + 1)*2 — (6 * R800
Vegetation Index et al., 2004)
— 5% vVR680) — 0.5))
Table 3. Broad-sense heritability (H?) of grain yield, UAS indices, and handheld indices.
Grain Handheld UAS Handheld UAS  Handheld UAS
Population Yield NDVI NDVI NWI NWI NDRE NDRE
2018-2019 0.65 0.52 0.80 0.50 0.58 0.50 0.60
2020-2021 0.76 0.55 0.68 0.62 0.70 0.58 0.67
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Abstract

Breeding for improved, reliable cultivars despite growing environment irregularity can be
challenging. Unoccupied aircraft systems (UAS) are a popular high-throughput phenotyping
technology that has been shown to help interpret the mechanisms associated with crop productivity
and environmental response, creating potential for improved breeding strategies. Spectral reflectance
indices (SRI), encompassing both vegetation and water indices like Normalized Difference
Vegetation Index (NDVI), Normalized Difference Red-Edge Index (NDRE), and Normalized
Water Index (NWI), were employed to assess 4,094 winter wheat genotypes across 11,593 breeding
plots at Washington State University from 2019 through 2022. SRIs were then used with genomic
data in univariate models as covariates and multivariate models as secondary response variables for
predictions of grain yield. The prediction accuracy of models was evaluated on a leave-one-year-out
validation strategy against a base genomic prediction method. Including SRI data as fixed effects in
univariate genomic prediction models can improve prediction accuracy over the control but is
unreliable across years. When used in multivariate models, SRIs improve prediction performance
across years but requires high-performance computational resources that could limit feasibility. In
univariate models, when test year NDVI data was available and used to calculate breeding values,
prediction performance was at least 16% better than the control, ranging in prediction accuracy
from 0.54 in 2019 to 0.93 in 2020. This study highlights the limited reliability of SRI use in genomic
prediction of untested environments and locations. However, a significant application for the
technology can be found in early season UAS data collection to aid accurate predictions in late
season, a helpful tool in tight turnaround times commonly experienced in winter crop breeding

programs.
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Introduction

In an age of growing demand, unreliable growing conditions, and scarce resources, it is
important for plant breeders, through the cultivar development process, to increase and maintain
genetic gain to release high-quality, efficient, and reliable crops that can meet market demands. Plant
breeders select for and improve upon many traits throughout the cultivar development process,
improving the genetics available to producers and directly impacting the overall quality and quantity
of the final product. Of the traits of interest, the most challenging and resource-intensive are highly
quantitative, like grain yield. These traits’ moderate to low heritability introduce the need for
replicated phenotypic observations across many growing environments to capture reliable rates of
increases in genetic gain over time (Bernardo, 2002). Dealing with environmental variability is a
significant factor in a breeder successfully selecting for and improving quantitative traits. Extreme
environmental variability introduced by severe weather and climate change can impact global food
production and limit a breeder’s ability to increase genetic gain (Brown et al., 2015; Xiong et al.,
2022). It is relevant to look at new strategies that can increase decrease cycle time and improve grain
yield despite growing challenges resulting from climate change and extreme environmental variability

(Xiong et al., 2022).

Genomic technologies have provided breeders with large amounts of data to utilize genomic
and marker-assisted selections in breeding strategy. Genomic selection (GS) has been shown to
increase the genetic gain in traits of interest and enhance overall selection efficiency (Rutkoski et al.,
2015; Michel et al., 2017). However, genomic data in and of itself has limited utility in robust
prediction without the backing of phenotypic observation, creating a constraint in selection
efficiency and restricting overall cultivar development (Mir et al., 2019). Additionally, when working
with quantitative traits like grain yield, utilization of GS is limited due to unreliable prediction

accuracy when predicting untested environments and genotypes (Crossa et al., 2017). Traditionally,
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when present in training populations, significant environmental variability reduces the ability of a

model to predict for target environments (Hu et al., 2019).

A likely path for improving GS strategies, especially in historically challenging untested
environments and years, is complementing genomic with high throughput phenotyping (HTP) data
in GS (Rutkoski et al., 20106; Crain et al., 2018; Sun et al., 2019; Lozada et al., 2020; Montesinos-
Lépez et al., 2023). Rutkoski et al. (2016) highlight this potential well by using SRI-enabled
multivariate genomic prediction to increase prediction performance across a diversity of
environments. Sun et al. (2019) and Crain et al. (2018) reiterates the finding of Rutkoski et al. (2010),
highlighting the stable prediction performance of SRI enabled GS within the same environment and
cycle, but both studies also make a note of the struggle and inconsistency of prediction in untested
environments and cycle. An unanswered question in the above studies that limits the ability to assess
real world application is the lack of prediction for untested environments, breeding cycles, and
genotypes. Lozada et al. (2020) utilized a breeding diversity panel in SRI aided GS to successfully
predict untested early generation breeding lines in known environments. Montesinos-Lépez et al.
(2023) expanded upon this work by evaluating model prediction performance for partially untested
genotypes and untested environments within a single breeding cycle, finding success and showing
SRIs ability to aid in prediction performance when both genotype and environment are untested.
Despite these findings, validation is needed to identify the reliability of SRI enabled GS to work well
on a larger population predicting for partially untested genotypes and across diverse, untested years

and environments.

While using a large hyperspectral range has shown promise for the prediction of grain yield
(Montesinos-Lopez et al., 2017), this strategy can require extensive data management and expensive

sensors for capture. Luckly, plant canopy architecture produces most of its variation of reflectance
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in a few wavelengths associated with key physiological components (Xue and Su, 2017). UAS
mounted multispectral sensors that target and collect these key wavelengths can be combined to
calculate spectral reflectance indices (SRI), creating valuable traits that can aid in the selection of
grain yield while minimizing sensor expense and reducing computational requirements. SRIs provide
a standardized trait value that targets critical physiological characteristics in the plant canopy

(Myneni et al., 1995; Xue and Su, 2017).

This study will use two types of SRIs: vegetation and water indices. Vegetation indices are
developed by evaluating the reflectance value of the plant canopy at specific light bands associated
with photosynthetic capacity. Of these, Normalized Difference Vegetation Index (NDVI) is a
popular index in staple crops due to its strong relationship with grain yield performance and
evaluation of overall plant stress (Babar et al., 2007; Lozada et al., 2020; Herr et al., 2023). NDVI
evaluates the contrast in the maximum absorption of red relative to the maximum reflectance of
near-infrared (NIR; Rouse et al., 1974). Another popular vegetation index used in wheat research is
Normalized Difference Red-Edge Index (NDRE). The NDRE formula is similar to NDVI, but
instead of focusing on red absorption, it evaluates red-edge absorption relative to NIR (Gitelson and
Merzlyak, 1996). Unlike vegetation indices, water indices like Normalized Water Index (NWT)
consider the contrast of reflectance within the NIR range (800 — 2500nm; Babar et al., 2006). SRIs
vary in their ability to capture new information relative to the target trait of interest; crop, maturity,
and target trait play a role in index success (Wientjes et al., 2017; Lozada et al., 2020; Herr et al.,
2023). While limited in direct trait capture, SRIs are well established at estimating routine traits of
interest like plot quality as well as both biotic and abiotic stresses (Sankaran et al., 2015; Guo et al.,
2021; Sarkar et al., 2022; Sapkota et al., 2023). Additionally, SRIs are effective in their ability to
quantify previously infeasible traits like chlorophyll content, nitrogen content, relative water content,

leaf osmotic potential, stomatal conductance, and canopy temperature (Babar et al., 2006; Gutierrez

64



et al., 2010; Xie and Yang, 2020; Bal et al., 2021; Visitacion et al., 2022; Yin et al., 2022). SRIs are an
intriguing option when looking to improve GS. The relative ease of data collection and ability to
capture previously infeasible aspects of genetic variability and photosynthetic performance across
growing environments creates the potential for added value in prediction ability (Crain et al., 2018;

Montesinos-Lopez et al., 2023).

For most commodity crops like wheat, grain yield is the primary trait of interest for
producers and, consequently, for breeders. The highly quantitative nature of wheat grain yield makes
selection efficiency for the trait difficult (Reynolds et al., 2012). It has been established that UAS-
derived SRIs correlate well with grain yield (Geipel et al., 2014; Gracia-Romero et al., 2017; Lozada
et al., 2020; Herr and Carter, 2023). This makes grain yield an appealing trait for a breeder to focus
on when implementing HTP into their breeding strategy (Reynolds et al., 2020; Montesinos Lopez et

al., 2022; Herr et al., 2023).

As mentioned above, genomic and SRI data have shown a lot of promise for improving GS
strategies; however, how these two distinct data types are combined has been split between a few
methods. For example, Montesinos-Lopez et al. (2023) showed that when predicting within year
with a seven-fold cross-validation strategy, UAS data, when used in multivariate and multi-kernel
gBLUP models, improved prediction performance across test locations. Additionally, Sun et al.
(2019) has shown that incorporating UAS data in a multivariate strategy can improve GS
performance for grain yield across various growing conditions and breeding cycles. HTP traits have
also been shown to benefit GS through use as fixed effects. Crain et al. (2018) and Sandhu et al.
(2021) highlight the potential utility of HTP traits as fixed effects. These studies indicate that how a
trait is utilized in a model plays a factor in how the data is interpreted and impacts prediction

performance. In Crain et al. (2018), while SRIs aid in prediction as both covariates and secondary
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response variables, the environments in which each of these GS models preform best differs. Unlike
genomic data which is consistent, SRIs are dynamic and vary among genotype and across

environments.

This study aims to identify the ability of different UAS-derived SRIs to improve GS
performance as covariates in a univariate model or secondary response variables in a multivariate
model across years and locations with a large-scale breeding program. We believe this will provide
insight into the general utility of combining genomic and UAS data as an applied breeding strategy
and highlight potential methods for implementation, especially when dealing with extreme

environmental variability.

Material and Methods
Study Population

This study uses the Washington State University soft white winter wheat (Triticum aestivum
L.) breeding trials from 2019 to 2022. The population has a unique combination of within-year and
across-year environmental variability. Data was collected on 11,593 plots of 4,094 genotypes across
60 individual trial experiments (trial/location/yeat). Supplementary Table 1 details the study
population characteristics, including location, year, trial design, total number of unique entries, and
number of total plot observations. Across four years, varieties were evaluated across nine locations,
ranging in average annual precipitation from 257 mm (Lind, WA) to 518 mm (Pullman, WA). Within
this dataset, we see extreme variability across years. In Pullman, for example, there is a range in

annual precipitation during the critical growing season (May-July) from 20 mm in 2021 to 155 mm in

2022.

Trial locations are divided into two general agronomic production regions for winter wheat

in Washington State, a low rainfall deep furrow region (average annual precipitation of 125-400 mm)
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consisting of trials in the towns of Davenport, Lind, Ritzville, Harrington, and Kahlotus as well as a
higher rainfall region (average annual precipitation of 400-660 mm) consisting of trials in the towns
of Pullman, Walla Walla, Farmington, and Prescott. Plot trials from every phase of the breeding
process were observed and utilized in this study. Single plot trials were unreplicated augmented trials
of first plot observations of FF5 and double haploid lines, typically one or two trials in each
production region per year. Preliminary trials were alpha lattice trials of lines advanced from single
plot trials and planted at one to two locations per production region per year. The Advance Soft
White Yield 1 (AWY1) trial is an alpha lattice trial for the advanced testing of varieties in the lower
rainfall region, whereas AWY2 is an advanced soft white yield trial targeted for the higher rainfall
region. Advanced trials were observed from two to six locations for their respective product regions.
Plots in the lower rainfall region were planted using a 4-row deep furrow planter at a seed density of
190 seeds per square meter, whereas the higher rainfall locations were planted using a double-disc 8-
row small plot planter at a seed density of 220 seeds per square meter. The total plot size for all

locations was 1.5 meters wide by 3.5 meters long.

Phenotypic Data Collection

All UAS phenotypic data was collected using a modified Sentera Quad Multispectral Sensor
(Sentera, St Paul, MN) consisting of four sensors covering eight target bands (450nm — 970nm) used
to calculate SRIs outlined in Table 1. UAS data was collected at anthesis, an established stage of
maturity critical in the relationship between reflectance and grain yield (Duan et al., 2017; Lozada et
al., 2020). Additionally, to minimize noise and maintain high data quality, UAS data was collected
within a five-hour window of solar noon and only on days with clear skies, limiting solar radiation
variability. During flights, the UAS flew a programmed route at an average altitude of 45 m, with an
85% bidirectional overlap of georeferenced images. Grain yield data were collected at all locations

with a Zurn 150 harvester (Zurn Harvesting GmbH & Co. KG, Waldenburg, Germany).
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Phenotypic Data Processing and Analysis

Collected UAS images from each flight were stitched and prepped for data extraction in
Pix4Dmapper (Pix4D Inc., Denver, CO), creating a single orthomosaic reflectance image for each
sensor per location/flight. Geographic Information System (QGIS) was then used to identify
individual plots, georeference, and crop orthomosaic images for each trial. R Code utilizing
‘FIELDimageR’ (Matias et al., 2020) and ‘raster’ (Hijmans et al., 2015) was then used for calibration,
index calculation, and single plot mean data extraction. In 2019, a single reflectance target (85%
reflectance) was used for radiometric calibration on RBG and red edge bands. Quantum efficiency

coefficients were used to calculate NIR using:

800nm = (2.921 x 450nm) — (0.754 x 680nm). (1)

A coefficient of 3.07 was used in the normalization of NIR during the calculation of SRIs (Ortiz et
al., 2021). For 2020 through 2022, a set of target panels was used (five panels ranging from 2%—85%
reflectance, MosaicMill Oy, Vantaa, Finland) to standardize all flights and collected images. Using

these panels, all eight raw band layers were adjusted based on the relationship:

SR= CRx+b @)

where the slope (x) and intercept (4) are based on the regression of the observed reflectance in target
panels, collected reflectance (CK) is the raw observed pixel values, and surface reflectance (SR) is the
true reflectance value (Igbal et al., 2018). All datasets used adjusted multispectral band values to

calculate indices. Table 1 outlines the SRIs used in this study, including their abbreviation, equation,
and reference. These indices were chosen based on past research that utilized similar genetic material

and growing conditions as this study (Gizaw et al., 2016a; b; Lozada et al., 2020).

Table 1: Spectral Reflectance Index Equations
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Spectral

Reflectance Abbr. Equation Reference
Index
Normalized
Difference 800nm — 680nm (Rouse et al.,
. NDVI
Vegetation 800nm + 680nm 1974)
Index
Normalized _ (Gitelson and
Difference Red NDREI1 800nm = 710nm Merzlyak,
Edge 1 800nm + 710nm 1996)
Normalized _ (Gitelson and
Difference Red NDRE2 800nm — 745nm Merzlyak,
Edge 2 800nm + 745nm 1996)

Normalized

970nm — 800nm

Water Index 1 V1 970nm + 800nm (Gao, 1996)
. 7 —_

Normalized NWI2 970nm — 900nm (Gao, 1996)

Water Index 2 970nm + 900nm
Modificd 1.8(800nm — 550nm) — 3.75(680nm — 550nm)
Triangular MTVI (Haboudane et
Vegetation J (2 * 800nm + 1)% — (6 * 800nm — 5V680nm — 0.5 al., 2004)
Index

Heritability of grain yield and SRIs were calculated across years using the mixed linear

model:

Yiji = u + Block; + Check; + Geny;y + Env; + Block; X Env; + Check; X Env, +

Genk(j) X Envl + Ei]'kl (3)

that Y are the designated traits of interest (i.e SRIs or grain yield) of the 7th block and jth check of

genotype £ in environment 4 x is the mean effect; Block; is the random effect of the /th

block; Check; is the fixed effect of the jth replicated cultivar check; Germy is the random effect of
genotype £ in the jth check; Eny, is the random effect of the /th environment; X indicates random

effect from interactions of variables, and & are the residual errors. Variance components generated
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across years from model (3) were then used to calculate broad-sense heritability on a genotype-

difference basis using the method:

2 'EELUP
Heypis =1 - 202 )
where 20; is the genotype variance and Ty-U” is the mean-variance of the best linear unbiased

predictors (BLUP; Cullis et al., 2006). In addition to broad sense heritability, Pearson correlations

across the population were generated among grain yield and SR1Is, using unadjusted plot values.

In comparing SRIs, a random forest model was used to evaluate SRI relative importance to
grain yield. A random forest model was chosen because of its popularity as a machine learning
algorithm that is both flexible in the datasets it can handle and ease of use in dealing with
classification problems (Touw et al., 2013). The random forest model treated all unadjusted SRIs as
predictors for unadjusted grain yield observations. From the original data, 1,000 bootstrap samples
were drawn. An unpruned classification tree was generated from each of these bootstrap samples.
However, instead of choosing the best split from all predictors, the best split is chosen by bagging a
random subset of four of six predictors. A majority vote of the 1,000 trees based on the predictor
performance in splits determines predictions and predictor variable importance to the trait of
interest, in this case, grain yield. A random forest classification model produces two measures of
variable merit for the primary trait of interest, node purity and mean square error (MSE). Node
purity is a measure of the Gini Index and indicates the likelihood of a node split of the variable
leading to misclassification averaged over all model trees (Witten and James, 2013). The percent
decrease in MSE is based on the mean decrease in prediction accuracy when the given variable is
excluded on out-of-bag samples. The R package ‘randomForest’ (Liaw and Wiener, 2002) was used

in the analysis.
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Genotypic Data

All 4,094 lines used in this study were genotyped through the North Carolina State
Genomics Sciences laboratory in Raleigh, NC, using genotyping-by-sequencing (Elshire et al., 2011)
and the restriction enzymes Mspl and Pstl (Poland et al., 2012). Sequences were aligned to the
Chinese Spring International Wheat Genome Sequencing Consortium RefSeq v1.0 (Appels et al.,
2018) using the Burrows-Wheeler Aligner 0.7.17 (i and Durbin, 2010). Genetic markers with more
than 20% missing data, minor allele frequency of less than 5%, and monomorphic ones were
removed. Markers were then imputed using Beagle version 5.0 (Browning et al., 2018). After

imputation and filtering, 46,681 single-nucleotide polymorphism (SNP) markers remained.

Genomic Prediction and Analysis

All models evaluated in this study utilize a two-step method for prediction. Adjusted means
for grain yield and SRI data were calculated for each field experiment in both augmented and Alpha-
lattice individual trials using two-dimensional penalized splines through the R package ‘SpATS’

(Rodriguez-Alvarez et al., 2018) written out as:
Yijk = f(ui, Ui) + BlOCkJ + Genk(i) + Eijk (5)

where Y is the adjusted mean phenotypic value of the trait of interest, # and v; denote trial position
(column and row), Block; is the fixed effect of the jth block, Geneis a fixed effect of genotype £ in
position 7 and ¢ are the residual errors. The smooth bivariate function f{#, #;) is modeled by the
tensor product of B-spline bases (Dierckx, 1995). For both augmented and alpha lattice trials, row
and column were treated as random effects, while block was treated as a fixed effect. In the second
step, a mixed linear model employing adjusted means, generated from equation 5, was used to
calculate genomic estimated breeding values (GEBVs; Ward et al., 2019; Merrick and Carter, 2021).

A kinship matrix was generated utilizing the VanRaden Method (VanRaden, 2008).
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Two basic statistical model structures were used to compare genomic prediction
performance with incorporated SRIs. A univariate gBLUP model with grain yield as a response

(Control) was used as a baseline for model performance.
Y=pu+Zu+ ¢ (6)

where Y'is a vector of BLUPs of the target response variable, in this case, grain yield, from equation
5, ¢ is the overall mean, Z is the marker-based relationship matrix (nXn), # is an array (1Xn) of
random genetic effect, and ¢ is the residual error. Univariate gBLUP models were also developed
that utilized grain yield as a response variable and combinations of SRIs as covariates. This can be

written as a modified version of equation 6:
Y=pu+Xp+Zu+ ¢ @

where X is the design matrix of SRIs as fixed effects, and § is a vector of fixed effect coefficients
with all other equation variables remaining the same as equation 6. Finally, multivariate gBLLUP

models incorporating grain yield and SRIs response variables are represented as:

A 0]
0 Z,

where 7 is the number of response variables (grain yield and a combination of SRIs), Y7 is the vector

Y X; 07[a My &

= + +

®)

Yn 0 Xn :un .un E‘n
of BLUPs from equation 5, X is a design matrix of fixed effects simplified to a vector of 1 for each
trait representing the mean because only the markers were used in this model. Z is the design matrix
for random effects with #..., indicating the marker random effects and the standard error being

designated as ¢;...,. Multivariate models incorporated SRI variables in the same combinations as the

univariate models. SRI combinations were selected based on the potential value in selection and
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computational resource efficiency. Both univariate and multivariate gBLUP models were done using

the ‘sommer’ package in R (Covarrubias-Pazaran, 2016).

Multivariate analysis based on equation (8), univariate analysis based on equation (7), and a
univariate analysis (equation 7) utilizing test year SRI data were evaluated for prediction accuracy
based on the correlations of predicted GEBVs and their respective adjusted means from equation
(5). The GEBVs generated from the multivariate and univariate approaches were based on the
kinship matrix. While for the univariate method utilizing test year SRIs, GEBVs were based on the

genetic kinship prediction and SRI covariate effect.

This study aims to evaluate a model’s utility in breeding programs. A major use case
for GS in breeding is predicting the next generation’s performance in an untested year/environment.
To evaluate model performance and overall prediction accuracy and more closely simulate a real-
world breeding scenario, models were evaluated on a leave-one-year-out (LOYO) scenario. The
dataset used in this study consists of data collected across four years. Models were trained on three
years and then used to predict the fourth year, meaning that each year was used as a testing set only
once and used in the prediction set three times. Then the average prediction accuracy and standard
error were calculated for the global average model performance across years to highlight model

stability across years.

Results
SRI Correlation, Heritability, and Importance

Across all years, the correlation of SRIs and grain yield were calculated, from unadjusted plot
observations, to identify SRIs that have a strong relationship with grain yield and identify what SRIs

are strongly related to each other, potentially minimizing the trait redundancy in models. The best

SRI correlations with grain yield were NDVI (0.79) and NDRE1 (0.66), as shown in Figure 1.
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NWI1 and NWI2 show a negative correlation with vegetation indices and grain yield. This is
expected as NWI indices estimate canopy water stress, with higher values indicating less canopy
water content. Additionally, indices with multiple variations, in this case, NDRE and NWI, were
found to have strong correlations of 0.79 and 1, respectively, between index variations. NWI and
NDVI show a strong negative relationship with a correlation of -0.75; this is most likely due to water
stress playing a significant role in the overall plant health of this study population. Interestingly,
MTVI shows strong relationships with other SRIs. However, this relationship is positive with NDVI

yet negative for both variations of NDRE and NWI.

2019-2022 SRI Correlation

NWI2 -0.48
NWI1 1 047

1.0
NDRE2 -0.05 -0.04 -0.61 ”

0.0
NDRE1 079 -047 -046 -0.29

-05
NDVI 057 0.15 EONSINNEEN 061 T -1.0
BUAC | 079 066 036 -0.44 -043 0.24

N NI A IR
® \_@Qg’ R S 5\4

Figure 1. Pearson correlations of spectral reflectance indices (SRI) and grain yield from 2019 to

2022. Indices in the table are those outlined in Table 1. BUAC — Grain Yield.

For SRIs to have value in the prediction and selection of grain yield, it is crucial to consider
the heritability of SRIs relative to the target trait of interest. If a HTP generated trait is less heritable
than the primary trait of interest, it is unlikely that the HTP generated trait will add value to model
predictions. Fortunately, in this study, with this population from 2019 to 2022, all SRIs evaluated

have an average higher heritability (0.622-0.84) than grain yield (0.587). Table 2 outlines the
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heritability of SRIs relative to our trait of interest across all years, making them viable candidates for
use in GS as a means to account for previously uncaptured genetic variability, potentially improving
overall prediction performance. As seen with correlation results, heritability shows a strong,
potentially indifferent relationship between variations of the same index with close, if not identical,

heritabilities.

Table 2: Trait Broad Sense Heritability 2019-2022

Year Grain Yield MTVI NDRE1 NDRE2 NDVI NWI1 NWI2
2019-2022 0.587 0.735 0.84 0.836 0.622 0.768 0.768
2019 0.608 0.835 0.877 0.839 0.665 0.842 0.842
2020 0.596 0.682 0.730 0.638 0.638 0.752 0.760
2021 0.658 0.741 0.648 0.650 0.690 0.736 0.736
2022 0.562 0.670 0.624 0.610 0.637 0.500 0.500

To further classify SRIs potential value for use in GS, a random forest classification model
approach was evaluated for its ability to identify SRIs of importance that should be focused on in
GS model development. NDRE2 and NDVI performed well across both metrics associated with a
random forest analysis with high node purity and low MSE. Interestingly, Figure 2 highlights the
increased node purity of NDRE2 over NDRET1 in grain yield despite correlations indicating the
reverse relationship, as seen in Figure 1. It is worth noting that while NDRE]1 is not as valuable in
node purity, it still has a higher value in model accuracy, indicating a potential to classify grain yield
performance. Unsurprisingly, both NWI indices and MTVI did not perform well in either metric of
the random forest. These results align with the indices’ correlation to grain yield, indicating a

moderate to insignificant relationship of the SRIs to grain yield for this population.
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SRI Importance in Grain Yield Variability
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Figure 2. Results of a random forest identifying SRI importance in accounting for grain yield
variability by node purity, a measure of the likelihood of a node split of an SRI and leading to
misclassification, and MSE, the mean decrease in prediction accuracy when the given SRI is omitted

on out-of-bag samples.

Genomic Prediction Accuracy

Genomic prediction accuracy was evaluated across four years of breeding trial data using a
LOYO approach to closely simulate a real-world breeding scenario of predicting the next breeding
cycle. Using this validation scheme, three different model strategies were evaluated across the
inclusion of 13 different combinations of SRI data. Due to computational limitations, SRI
combinations were limited to those that showed potential from high correlation to grain yield, low

correlation to other SRI, high heritability, and high performance in the random forest analysis.

The control gBLUP univariate models performed well across years, especially considering
the level of environmental variability in the population, with an accuracy range from 0.31 in 2019 to
0.64 in 2020 and an average across years of 0.47. When SRIs were included in the univariate gBLUP

model, few SRIs or combinations of SRI fixed effects were able to improve upon the control model.
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NDRE1 was the only index in a univariate model that raised average prediction accuracy above the
control at 0.49. As shown in Supplementary Figure 1, the improvement of univariate models with
SRIs as fixed effects ranged from a 41% increase over the control in 2022 with NDRE1 with an

accuracy of 0.53 to a 67% decrease over the control, also in 2022, with NDVI and NDREZ2 and an

accuracy of 0.12.

In multivariate gBLUP models, SRIs did not improve prediction accuracy with any
significance over the control. A few SRI models produced a higher average prediction accuracy, the
best being 0.48 with NDVI, NWI2, and NDRE2. In 2019, models that included NDRE2 performed
6% better than the control, while in 2022, models that included MTVI were 11-16% wotse than the
control. While multivariate models that utilize SRIs seem more stable across years, they also provide

less potential gains over the control when compared to univariate models with SRI fixed effects.

True improvement in prediction accuracy over the control can be seen in Figure 3 when
SRI data from the predicted year are included in calculating GEBVs from a univariate model with
SRI fixed effects. Models that utilized NDVI consistently achieved average accuracies of 0.63, with
the best being NDVI alone, having a prediction accuracy of 0.70. NDRE1 produced the best and
worst performance across years with this model strategy. In 2019, NDRE1 had a prediction accuracy
of -0.25. In 2022, however, NDRE1 did 102% better than the control with an accuracy of 0.76.
While NDRE1 performed well, Supplementary Figure 1 highlights NDVTI’s ability to perform
reliably well with a minimum performance of 16% better than the control and ranging in prediction
accuracy from 0.54 in 2019 to 0.93 in 2020. SRIs, when combined with NDVI into either model

structure, rarely outperformed models using ND VT alone.

Additionally, Supplementary Figure 2 highlights model predictions when looking at a

subset of the testing datasets. When prediction accuracy is averaged over the four years evaluated,
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there are clear distinctions in how well each trial stage can be predicted. Prediction accuracy across
model types and SRIs were higher in early generation trials (Single Plot and Preliminary trials).
Alternatively, in the later generation advanced yield trials (AWY1 and AWY?2), prediction accuracy

was close to zero for all models that did not utilize test year SRI data.

Average Prediction Accuracy 2019-2022
1.00 A

i

T T T T T T T T T T T
Control NDVI NDRE1 NDRE2 NWI1 NWI2 ~ MTVI NDVI+ NDVI+ NDVI+ NDVI+ NDVI+ NDVI+
NWI2 NDRE2 MTVI NWI2+ NDRE2+ MTVI+

NDRE2 MTVI ~ NWI2

. Multivariate . Univariate . Univariate with Test SRI

Figure 3. Average prediction accuracy of genomic selection models from 2019 to 2022 in a leave-
one-year-out training scenario. Univariate and multivariate models were evaluated for success when
incorporating SRIs as fixed effects and response variables, respectively. Additionally, SRIs were

assessed for their ability to improve univariate models when test year data is available.
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Discussion
SRI Correlation, Heritability, and Importance

From the inception of remote sensing technology, it has been essential to identify the
potential for the collected traits to improve genetic gain. When working with SRIs, many options are
available, all of which can inform upon and enhance the selection of a primary trait of interest (Jones
and Vaughan, 2010; Guo et al., 2021). However, with limited resources and time, it is essential to
narrow down the number of SRIs to a critical set that has a strong relationship to the traits of

interest.

Calculating correlation allowed for the comparison of SRIs to each other and against grain
yield. If the index does not correlate to grain yield, it will most likely not provide any valuable
information in selecting that trait. Additionally, to maximize computational efficacy in later analysis,
it is beneficial to identify what indices correlate highly with one another. Utilizing two highly
correlated SRIs may provide redundant information unnecessary for improved understanding in
selection. In this study, we see a vast correlation range between SRIs and grain yield, as shown in
Figure 1. As expected, water indices (NWI) do not correlate well with the remaining vegetation
indices, indicating the index’s unique data capture. However, we do see a correlation of one between
the two NWI indices, highlighting redundancy. In addition to identifying SRI redundancy and its
relationship to grain yield, HTP generated traits provide little value if they are not more selectable
than the trait of interest (Fukai and Fischer, 2012). Luckily, all SRIs evaluated in this study had an
average heritability higher than grain yield. While correlation and heritability are essential for
increasing selection efficiency relative to grain yield, we wanted to evaluate underutilized methods

for winnowing down what SRIs to target for use in GS.
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A random forest model provided an underutilized opportunity to analyze SRI variables with
their direct ability to account for grain yield variability (Genuer et al., 2010). Random forest models
are well established for use in prediction modeling, even when incorporating SRI data in genomic
selection (Smith et al., 2013; Sandhu et al., 2021b). Data mining is an alternative use for a random
forest model (Genuer et al., 2010). The quantity of data provided in UAS-HTP creates new
challenges in efficiently subsetting the dataset into usable portions significant to the goal. This
methodology has shown great potential in other research areas (Rossel and Behrens, 2010; Naidoo
et al., 2012), but little has been done in plant breeding applications. In this study, this model strategy
was able to distinguish significant differences between SRI with NDVI and NDRE variants
performing the best relative to grain yield. This is most likely due to the large environmental
variability across the dataset impacting grain yield. The capture of relative plant health, impacted by

environmental effects, is a critical component of NDVI and NDRE.

These methods do not in and of themselves indicate how helpful SRIs will be in GS. They
provide a basis on which to focus resources. With many SRIs available from a given sensor and
many possibilities of crop and environment, it is valuable to have tools that can help identify the

indices with the most potential in a given application.

From a breeding perspective it is important also to keep in mind what is being selected for
when utilizing SRIs. Because of the inherent nature of SRIs having both a genetic and
environmental element, there is potential for the introduction of unwanted bias introduced from
SRIs and impacting breeder selections. Rutkoski et al. (2016) explores this idea with heading date.
The study was set up very similarly to this one where UAS spectral data was tested for its ability to
improve genomic prediction methods. They found that prediction performance was reduced when

heading was corrected; however, this did not deter them from suggesting the uses of SRI in GS
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without correction, especially across untested environments where heading corrections were least
effective. The potential of bias introduced from SRIs is possible, yet this should not deter from the
potential for SRIs to provide value in selection, but create awareness for the breeder utilizing SRIs
for potential unwanted indirect selection. Bias in selections is not a new issue. Maturity, for example,
can impact SRI values but also impacts yield, so utilizing SRIs to make selections for grain yield
could impact maturity, but solely selecting based on grain yield could have the same potential impact
(Johnson et al., 1983; Fehr, 1991; Rutkoski et al., 2016). Further research needs to be done to
evaluate the use of SRIs for selection and the bias that might be introduced from them, allowing

breeders to mitigate unwanted indirect selection.

Genomic Prediction Accuracy

The potential for UAS-collected data to benefit GS has been well established. Crain et al.
(2018) showed the potential for UAS data to improve GS across model strategies and irrigation
regiments. Similarly, Sandhu et al. (2021a) used a spring wheat nested association mapping
population to evaluate univariate and multivariate approaches to including SRI data in GS. Their
results showed value in including SRI for predictions in and across cycles. Work by Montesinos-
Lépez et al. (2023), using the same dataset as this study, showed the potential of SRIs to improve
GS performance within cycles and across environments. Across the literature, it has been well
established that SRIs for use in GS of wheat show great promise. However, with many of the studies

testing this methodology, the population sizes used and environmental factors are limited.

The hope for this study was to truly test the viability of the SRIs in GS in a challenging real-
world scenario. Washington State University winter wheat breeding provided an ideal test of UAS-
HTP when dealing with extreme environmental conditions, diverse growing locations and

agronomic regions as well as considerable variation in trial design and replications. These factors
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generally increase GS models’ difficulty in predicting untested years and environments (Cuevas et al.,

2017; Crossa et al., 2017).

While potential has been shown for SRIs alone and as covariates to improve prediction
performance (Crain et al., 2018; Sandhu et al., 2021a), in this study, when used as fixed effects in a
univariate gBLUP model, improvement over the control was inconsistent, with some years having
significantly worse prediction performance over the control, as highlighted in Supplementary
Figure 1. Additionally, when used in multivariate models, SRIs were able to make slight
improvements in prediction accuracy over the control while maintaining model stability across years
and environments. Because of the genetic effect associated with both HTP traits and grain yield, it
could be argued that HTP traits used as covariates introduces confounding factors that could impact
model reliability across diverse genotypes and environments, as demonstrated in this study. It is
potentially more appropriate to use a modeling strategy that deals with the relationship HTP traits
have with grain yield, genotype, and environment through the use of multivariate analysis (Rutkoski
et al,, 2016; Sun et al., 2019) or multi-kernel analysis (Montesinos-Lopez et al., 2023). However, it
could also be argued that with the size of the dataset used in this study and the computational
requirements of a multivariate model, the gain in prediction the model provided over the control
was not enough to justify the additional time and computational resources necessary in a

multivariate analysis.

In addition to evaluating univariate and multivariate models with untested environments, we
also wanted to determine how models could be improved when early season test year SRI data was
available. Incorporating test set SRI data in GS is not a new idea. Work by both Rutkoski et al.
(2016) and Crain et al. (2018) utilized spectral data from test observations in the training dataset.

However, in these studies, this strategy is limited to multivariate models.

82



Because of SRIs ability to expose environmental variability and the variety’s genetic
response, treating the trait like an environmental (Crossa et al., 2017; Tolhurst et al., 2022) or known
genome-wide association signals (Rice and Lipka, 2019; Sehgal et al., 2020) allowed for GS models
to better account for environmental variability in the test year and increase overall prediction
accuracy. In its extreme case, this was shown in Supplementary Figure 2, where trials with
considerable environmental variation (AWY1 and AWY2) produced deficient prediction
performance across all model variations except those that incorporated test year SRI data.
Interestingly, the models that performed well in predicting advanced yield trial data did only slightly
better than model alternatives in eatly generation trials, most likely due to a strong environmental
effect and lower yield variability in the advanced trials compared to a high genetic, lower
environmental variance found in the earlier generation trials. Another reason the models might be
performing this way is due to the population structure with distinct high and low rainfall regions in

the advanced trials but combined in the early generation trials.

While utilizing test year SRI data in GS is less applicable to many breeding needs, i.e
prediction for untested environments, years, and genotypes, it could provide valuable insight when
trials have been planted and selections must be made quickly for either fall planting of winter crops
or winter nurseries. For example, in the Washington State winter wheat breeding program, due to
water limitations in 2021, many of the 2022 lower rainfall trials were planted in the higher rainfall
region. Because 2022 was a cold, wet year, harvest was delayed, leading to an 11-day turnaround time
for the 2023 planting of the low rainfall region trials. In this scenario, utilizing 2022 NDVI data as a
fixed effect in a gBLUP model before harvest would have provided valuable insight into variety

advancements, saving valuable time for the breeder.
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Conclusion

This study evaluated the potential of utilizing UAS-collected SRI data in univariate and
multivariate GS models to predict grain yield in a large-scale multi-year wheat breeding population
of extreme environmental variability. Random forest was found to be a powerful data mining tool
that can help deal with large amounts of generated SRI data and identify UAS traits that are most
likely valuable in the primary trait of interest. In a leave-one-year-out validation scenario, SRI
incorporated as fixed effects in univariate models and in multivariate models showed the potential to
improve performance over the base gBLUP model. In dealing with environmental factors, utilizing
test year SRI fixed effects, especially NDVI, in calculating GEBVs dramatically increased univariate
models’ prediction performance. UAS-collected reflectance data can account for variability in grain
yield previously missed by genomic data alone, creating more robust and reliable prediction
modeling. However, despite these facts, when no SRI data is available in the predicted environment,
it is worth asking if the computational and time allocation necessary is worth the limited increase in

prediction performance.
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Supplementary Tables and Figures

Supplementary Table 1: Study Population

Davenport 2019 AWY1 Alpha-Lattice 3 144 49

Davenport 2019 Preliminary Alpha-Lattice 3 144 48

Pullman 2019 AWY1 Alpha-Lattice 3 144 48

Pullman 2019 Preliminary Alpha-Lattice 3 270 90

Pullman 2019 Single Plot Augmented Design with 1 272 253
repeating checks

Ritzville 2019 AWY1 Alpha-Lattice 3 144 48

Walla 2019 Preliminary Alpha-Lattice 3 270 90
Walla

Harrington 2020 Alpha-Lattice 3 144 48

2020 Preliminary Alpha-Lattice

Lind 2020 Single Plot Augmented Design with 1 406 375
repeating checks

Pullman 2020 Alpha-Lattice

Pullman 2020 Preliminary Alpha-Lattice

Pullman 2020 Single Plot Augmented Design with
repeating checks

Walla 2020 Alpha-Lattice
Walla
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Davenport 2021 AWY1 Alpha-Lattice 3 144 48

Davenport 2021 Preliminary Alpha-Lattice

Kahlotus 2021 Alpha-Lattice

Lind 2021 Preliminary Alpha-Lattice 3 216 72

Lind 2021 Single Plot Augmented Design with
repeating checks

129 113

Pullman 2021 Alpha-Lattice

Pullman 2021 Preliminary Alpha-Lattice 3 216 72

Pullman 2021 Single Plot Augmented Design with 1 468 433
repeating checks

Ritzville 2021 Single Plot Augmented Design with 1 414 382
repeating checks

Walla 2021 Preliminary 216 72

Walla

Alpha-Lattice

Davenport 2022 AWY2 Alpha-Lattice 3 108 36

Farmingto 2022 AWY2 Alpha-Lattice 3 108 36

‘

Prescott 2022 AWY1 Alpha-Lattice 3 126 42

Pullman 2022 AWY2 Alpha-Lattice 3 108 36

Pullman 2022 Single Plot Augmented Design with 1 176 168
repeating checks

Ritzville 2022 AWY1 Alpha-Lattice 3 126 42
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Ritzville 2022 Preliminary

Alpha-Lattice

3 162 54

All locations were in Washington State. AWYT — advanced white yield trial for low rainfall region; AWY2 - advanced white yield

trial for high rainfall region

Prediction Accuracy of Models for Grain Yield in Each Year
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Supplementary Figure 1. Prediction accuracy of genomic selection models from 2019 to 2022.

Univariate and multivariate models were evaluated for success when incorporating SRIs as fixed

effects and response variables, respectively. Additionally, SRIs were assessed for their ability to

improve univariate models when test year data is available.
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Supplementary Figure 2. Prediction accuracy of genomic selection models from 2019 to 2022.

Univariate and multivariate models were evaluated for success when incorporating SRIs as fixed

effects and response variables, respectively. Additionally, SRIs were assessed for their ability to

improve univariate models when test year data is available. AWYI — advanced white yield trial for

low rainfall region; AWY2 - advanced white yield trial for high rainfall region; Prelim — Preliminary

yield trials; SP — Single Plot Yield trials
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Abstract

An important aspect of reliable cultivar development is good field trial evaluations. In more
extensive field experiments, trial design and modeling of spatial variability are critical to control field
variability and minimize error in genotype evaluations. Unoccupied aircraft systems (UAS) are a
popular high-throughput phenotyping tool that has been used to successfully evaluate plant stress
and other canopy characteristics. In precision agriculture applications, UAS imagery has been used
to identify spatial variability in field settings. Here we use UAS spectral imagery to improve field trial
spatial analysis, better control spatial variability and reduce error for more reliable selections. UAS
imagery data was collected across 47 breeding trials planted in augmented complete block design
(ACBD) or alpha-lattice replicated designs from 2020 through 2023. Trials were evaluated using
three spatial analysis strategies: linear models incorporating block effect, row-column effect, or 2D
splines. UAS-derived spectral reflectance indices (SRI) were combined with each model as
covariates. Modeling strategies were used across all trials and evaluated for autocorrelation, model
fitness, and coefficient of variation (CV). Akaike information criterion (AIC) was used to assess
model fitness. For spatial analysis trials, SRIs improved model AIC by an average of 38.4 for alpha-
lattice trials and 69.1 for ACBD trials. CV scores were also improved when SRIs were utilized, with
average CV values being 2.6 lower for alpha-lattice and 2.1 for ACBD trials. This study highlights
the potential for SRIs to improve the analyses of field breeding trials, despite extreme environmental

variables and climate conditions.

Introduction

Plant breeding is an essential aspect of reliable agricultural production and improvement.
Plant breeders work to maintain and increase the genetic output of cultivars, meeting market needs
by developing and providing reliable trait characteristics. Regardless of the crop of interest, breeding

goals will focus on several target traits generally defined by grower and consumer needs. Many of
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these traits are polygenic, making selection more complex and resource intensive. One of the most
critical traits in this category is crop yield. The quantitative nature and moderate heritability of crop
yield requires extensive replicated multi-year field trials across target environments (Bernardo, 2002).
Environmental variability is a significant factor that must be addressed when working with
agricultural field experiments like those utilized by breeders in crop yield evaluation (Smith et al.,
2005). Spatial variability introduced by soil heterogeneity, slope, elevation, and management
practices will reduce a breeder's ability to distinguish genetic effects from local environmental
effects, limiting selection efficiency and overall genetic gain (van Es and van Es, 1993; Morales et al.,
2022). It is imperative to establish strategies to minimize the bias of treatment estimates and
maximize the reliability and efficiency of field-based breeding yield trial experiments (Stringer et al.,

2012).

Local spatial variability in yield trial experiments is most often addressed through the
experimental design which corrects for variability using randomization and replication of
experimental units. In plant breeding field trials, the plot is the experimental unit which is part of a
larger block. The randomized complete block design (RCBD), a popular design strategy, utilizes
blocking and full replication of experimental units across blocks to minimize spatial variability within
a block and maximize it across blocks (Stringer et al., 2012; Piepho et al., 2015). However,
homogeneity within blocks is challenging to maintain when the number of genotypes evaluated
increases (Brownie et al., 1993; Yang et al., 2004). Alpha-lattice designs are able to handle a large
number of genotypes by utilizing unreplicated incomplete subblocks of a larger complete replication
to minimize experimental error (Patterson and Thompson, 1971; Yang et al., 2004). In early-stages
of a breeding cycle, resources are generally limited, so replicated multi-location trials can be
impractical. Unreplicated augmented complete block designs (ACBD) are commonly used when

many genotypes need to be evaluated, and resources limit the replication of observations (Federer
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and Raghavarao, 1975). In an ACBD design, replicated check plots are utilized systematically

throughout the trial in a block pattern and then augmented with unreplicated test plots.

The trial design is only part of the process of accounting for spatial variability in yield trial
experiments. Corrections through spatial statistical analysis can further increase data reliability
(Borges et al., 2019). Without spatial analysis, reaching the desired level of precision in the dataset
may be challenging due to irregular heterogeneity and autocorrelation present in the experiment

(Piepho et al., 2008; Piepho and Williams, 2010).

In plant breeding, field trial design and spatial analysis strategies are well-established and
reliable methods for dealing with field trial spatial heterogeneity (Hinkelmann, 2012; Borges et al.,
2019). Many statistical methods for spatial modeling have been developed to account for and
minimize within-trial effects through rows and columns, blocks, or nearest-neighbor correlations
(Gilmour et al., 1997; Piepho et al., 2008, 2015; Piepho and Williams, 2010; Boer et al., 2020).
Additionally, advanced spatial models, such as splines, can be utilized to model several covariates
concurrently (Piepho et al., 2022). One such model focuses on P-Splines, a class of splines
developed by Eilers and Marx (1996). Recently Rodriguez-Alvarez et al. (2018) highlighted the utility
of using two-dimensional P-Splines for spatial analysis of field trials by modeling covariance as a

smooth spatial trend.

New technologies, such as high throughput phenotyping (HTP), can also be used to improve
spatial analysis in breeding trials but have not been thoroughly explored. In the field of precision
agriculture, however, HTP strategies for remote sensing have become promising and valuable in

identifying spatial trends (Zhang and Kovacs, 2012; Cohen et al., 2013; Geipel et al., 2014).

. For breeding applications, HTP can be incorporating using unoccupied aircraft systems

(UAS), an ideal combination of scalability while maintaining data resolution (Reynolds et al., 2020;
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Guo et al,, 2021; Herr and Carter, 2023). Breeders use UAS spectral data among to provide trait
information to aid in the selection of critical traits through the capture of spectral reflectance indices
(SRI) to estimate routine traits of interest like plot quality, biotic, and abiotic stresses (Sankaran et al.,
2015; Guo et al., 2021; Sarkar et al., 2022; Sapkota et al., 2023). SRIs collected with UAS provide
standardized data focused on essential plant physiological characteristics by targeting critical
wavelengths of light associated with critical components of the plant canopy (Myneni et al., 1995;
Xue and Su, 2017). One of the early and most popular SRIs is Normalized Difference Vegetation
Index (NDVI) which has been shown to accurately measure photosynthetic capacity and overall
plant stress in crops and especially in wheat (Lozada et al., 2020; Herr et al., 2023). Another popular
vegetation index used in wheat research is Normalized Difference Red-edge Index (NDRE). NDRE
is similar to NDVTI in its ability to identify plant stress, but instead of focusing on red absorption, it

evaluates red-edge absorption relative to NIR (Gitelson and Merzlyak, 1996).

Spectral data collected from UAS have been utilized in many different ways to improve the
breeding strategy by improving the collection of commonly utilized traits (Tirado et al., 2020;
Lozada et al., 2020), allowing for the collection of previously infeasible traits (Adak et al., 2021; Yin
et al., 2022), fueling machine learning modeling (Ferreira et al., 2019; Etienne et al., 2021), and aiding
in genomic selection (Crain et al., 2018; Jarquin et al., 2018; Sun et al., 2019). Morales et al. (2022)
provide promising results where the use of NDVI enhanced the detection of spatial heterogeneity
and genomic selection among inbred and hybrid maize field evaluations over traditional methods.
Here we further explore the potential of UAS-derived SRI data for use in the improvement of

modeling for spatial heterogeneity in a wheat breeding application.
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Material and Methods
Study Population

UAS spectral data and yield were collected from Washington State University soft white
winter wheat (T7iticum aestivum 1..) breeding trials from 2020 through 2022 . Data were collected
across 47 individual trial experiments (trial/location/year) encompassing 8,660 plots.
Supplementary Table 1 outlines the study population attributes, including location, year, trial
design, number of unique entries, and number of plot observations. Experimental breeding trials
were evaluated across nine locations ranging in average annual precipitation from 257 mm (Lind,
WA) to 518 mm (Pullman, WA). Across years, the trials examined experienced extreme
environmental variability. In Pullman, WA, for example, total precipitation during the key growing

season (May-July) ranged from 20 mm in 2021 to 155 mm in 2022.

In Washington State, winter wheat production is generally divided into two agronomic
production regions. The first is a low rainfall wheat fallow region (average annual precipitation of
125-400 mm) consisting of trials in the towns of Davenport, Lind, Ritzville, Harrington, and
Kahlotus, WA. In this region, the wheat crop is planted every other year into stored soil moisture
retained from the fallow year. The second target production region has a higher annual rainfall
(average annual precipitation of 400-660 mm), consisting of trials in Pullman, Walla Walla,
Farmington, and Prescott, WA. In this region, winter wheat is rotated annually with spring crops.
This study utilized field trials from three of the main phases of large plot observation in the breeding
program, Early generation, Preliminary, and Advanced yield trials.. The Early-generation trials of
genotypes in a large plot setting were evaluated in ACBD trials derived from either Fs (Fs Single
Plots) or double haploid (DH Single Plots) lines. These trials utilized a set of checks replicated
throughout the trial, while test genotypes are a single observation. Due to seed limitations, one or

two of these trials were evaluated annually in each production region. Genotypes selected from the
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ACBD single-plot trials were advanced to a three block, three replication alpha-lattice trial denoted
as a Preliminary trial. Each year, Preliminary yield trials were evaluated at one to two locations per
production region. The final phase for breeder evaluation occurred in Advanced yield (AY) trials.
Like Preliminary trials, AY trials were designed in a three block, three replication alpha-lattice. Trials
denoted as AY1 were targeted for testing varieties in the lower rainfall region, whereas AY2 is an
advanced trial targeted for the higher rainfall region. Depending on the year, each AY trial was
evaluated in three to five locations in the targeted production region. Plots in the lower rainfall
region were planted using a 4-row deep furrow planter at a seed density of 190 seeds per square
meter. The higher rainfall locations were planted using a double-disc, 8-row small plot planter at a
seed density of 220 seeds per square meter. The total plot size for all locations was 1.5 meters wide

by 3.5 meters long.

Phenotypic Data Collection

Grain yield data for all trials was collected with a Zurn 150 harvester (Zurn Harvesting
GmbH & Co. KG, Waldenburg, Germany) equipped with the Harvest Master Grain Gauge. UAS
spectral data was collected with a modified Sentera Quad Multispectral Sensor (Sentera, St. Paul,
MN) consisting of four sensors covering eight target bands (450 — 970nm). These spectral bands
were then used to calculate the SRIs outlined in Table 1. For data collection, the UAS was flown at
an approximate altitude of 45 m with an 85% bidirectional overlap of georeferenced images. Flights
were conducted at anthesis due to the established relationship between reflectance data collected at
that maturity and grain yield (Duan et al., 2017; Lozada et al., 2020). UAS flights were only

conducted within a five-hour window of solar noon and on days with clear skies.

Table 1: Spectral Reflectance Index Equations

Spectral Reflectance Abbreviatio

Index 0 Equation Reference
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Normalized Difference 800nm — 680nm

Vegetation Index NDVI 800nm + 680nm (Rouse et al., 1974)
Normalized Difference NDRE 800nm — 710nm (Gitelson and Merzlyak,
s B 800nm + 710nm 1996)

Green Normalized 800mm — S60mm (Bushmann and Nagel
Difference Vegetation GNDVI ushmann a agel,
Index 800nm + 560nm 1993)

N
1
liEEEG gy (CoEe %CC v z GNDVI; (Sankaran et al., 2015)
=1

Phenotypic Data Processing and Analysis

Orthomosaic reflectance images were created from each sensor per location and flight using
Pix4Dmapper (Pix4D Inc., Denver, CO). After stitching, images were georeferenced, and individual
plots were identified using Geographic Information System (QGIS). Image standardization, index
calculation, and mean plot data extraction of all spectral data were performed utilizing the R
packages ‘FIELDimageR’ (Matias et al., 2020) and ‘raster’ (Hijmans et al., 2015). Image
standardization across flights was done using a set of target panels (five panels ranging from 2%-—
85% reflectance, MosaicMill Oy, Vantaa, Finland). Using these panels, all eight raw band layers

collected were adjusted based on the relationship:

SR=axCR+b 1)
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where the slope (#) and intercept (4) are based on the regression of the observed reflectance in target

panels, collected reflectance (CR) is the raw observed pixel values, and surface reflectance (SR) is the

true reflectance value (Igbal et al., 2018). Table 1 outlines the SRIs produced from this methodology

and utilized in this study, including their abbreviation, equation and reference. An example of how

these phenotypic traits look when displayed in a trial layout can be seen in Figure 1.

Example of Irregular Spatial Heterogeneity in a Field Trial
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Figure 1. Heat map of average plot values for (A) NDVI, (B) grain yield in kilograms per hectare,

and (C) percentage of plot canopy cover in the 2021 Pullman F5 Single plot trials. This figure

highlights the severity of spatial heterogeneity in field experiments.

Spatial Modeling and Analysis

The study population consists of 47 field trials in which genotypes were evaluated in an

experimental unit (plot) in one of two experimental designs: alpha-lattice or ACBD. These field trials

were used to compare three spatial analysis strategies with and without SRI covariates.
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The control method for this study was to utilize linear mixed models and the trial design
alone to account for spatial variability. This will be referred to as the “Block Effect” method. For

ACBD trials, the block effect was adjusted using the model:
Yijk = Geni(j) + BlOCk] + Ch@Ckk + gijk (2)

that Y is the phenotypic value for grain yield of the 7th genotype in the jth block; Geny is the
random effect of genotype 7in the jth block; Block; is the random effect of the jth block; Check is the
fixed effect of the £th replicated cultivar check; and e is the residual error. For alpha-lattice trials,

the block effect was adjusted for with the model:
Yijk = Geni + BlOCkJ + SUbk(j) + Eijk (3)

where Yz is the phenotypic value for grain yield of the 7th genotype and the jth block; Ger; is the
fixed effect of genotype 7 Block; is the random effect of the jth block; S#bs is the random effect of

the sub-block £ in the jth block; and ¢ is the residual error.

The second method for spatial adjustments used in this study is based on the block effect
models shown in equations 2 and 3 but will incorporate row and column of plots as random effects
in the model. These will be referred to as the “Row-Column Effect” method. For ACBD trials, this

analysis is represented as:
Yijkum = Genyjy + Block; + Check, + Row; + Col,, + &;jkim 4

where Row, is a random effect of the Ah row and Cv/, is the random effect of the mth column are

added to equation 2. Similarly, in alpha-lattice trials, the row-column effect is incorporated as:

Yijklm = Geni + BlOCk] + Subk(]) + ROWl + COlm + eijklm (5)
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that Row; is the random effect of the /th row and Cu/, is the random effect of the #th column added

to equation 3.

The final method utilized for spatial analysis are 2D Splines. Two-dimensional anisotropic
tensor product P-splines can create a spatial field indicating spatial dependence (Rodriguez-Alvarez
et al., 2018). This spatial trend can be used in conjunction with standard mixed model effects. For

ACBD trials, the model is written as:
Yhijklm = f(uh, Uh) + Genl(]) + BlOCkJ + CheCkk + ROWl + COlm + ghijklm (6)

where Y)un is the phenotypic value for grain yield; f(#, #,) is the P-spline framework denoted by
row and column position #,and , respectively; Block; is the random effect of the jth block; Checky is
the fixed effect of the kth replicated cultivar check; Gezy is the random effect of genotype 7in the
7th check; Row, is the random effect of the £h row; Col/, is the random effect of the »th column; and
&niwin 18 the residual error. More information on how the P-Spline framework is modeled can be

found in Rodriguez-Alvarez et al. (2018). Alpha- Lattice trials are similarly modeled as:
Yhijklm = f(uh, vh) + Geni + BlOCk] + SUka) + ROWl + COlm + Ehijklm (7)

where Yun is the phenotypic value for grain yield; f(#, #,) is the P-spline framework denoted by
row and column position #,and #, respectively; Ger; is the fixed effect of genotype 7 Block; is the
random effect of the jth block; S#bx is the random effect of the sub-block £ in the jth block; Row, is
the random effect of the /th row; Co/, is the random effect of the mth column; and &, is the

residual errot.

Each of these models, denoted in equations 2-7, was evaluated alone and with the inclusion
of an SRI as a fixed effect. Each model was evaluated with NDVI, NDRE, and percent canopy

cover (%CC). All models were generated using R's “sommer” package (Covarrubias-Pazaran, 2016).
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The first statistical method used to evaluate the validity of using SRIs in spatial analysis
models was to conduct a Moran I test to identify the different spatial analyses that best reduced trial
autocorrelation. The Moran I test utilizes model residuals and plot position to determine overall
experiment spatial observation trends and distribution (clustered, random, or dispersed) (Arlinghaus,
2020). Models were compared for model fitness for the trial data they were generated from. Akaike
information criterion (AIC) was calculated for each model as a function associated with the model
output using the R package “sommer” (Covarrubias-Pazaran, 2016). AIC was chosen over other
methods (BIC or Log Likelihood) because of its ability to deal with and compare models containing
a different number of parameters while not biasing against model complexity, yet still avoiding
overfitting (Chakrabarti and Ghosh, 2011). Another method used in the comparison of spatial
model success was the calculation of the coefficient of variation (CV) based on the model-adjusted
standard deviation of grain yield divided by the mean trial yield. CV is a popular method for

determining the reliability and overall power of the data produced in a field experiment.

Results

A unique factor that plays a significant role in the results of this study is the years and
growing conditions that are evaluated. In 2021, growing conditions were hot, with below-average
precipitation. In 2020 and 2022, growing conditions led to less plant stress with cooler temperatures
and above-average precipitation. For example, during the key growing season (May-July) in Pullman,
WA, the average daily temperature was 14.6 C in 2020, 17.8 C in 2021, and 14.7 C in 2022. Similarly,
total precipitation in this growing window was 113 mm in 2020, 20 mm in 2021, and 155 mm in
2022. As expected, this weather impacted crop performance across years dramatically. In the
Pullman AY?2 trial, the average grain yield was 11,184 kg/ha in 2020, 5,138 kg/ha in 2021, and 9,375

kg/ha in 2022. As will be discussed later, the environmental variation found in this study population
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across years significantly impacts how results should be interpreted. It highlights the inconsistency

or stability of the methodologies tested across diverse experimental conditions.

Autocorrelation

After spatial analysis, trials were evaluated for a clustering effect of the adjusted yield. The
distribution of the Moran I statistic across the study population highlights the minimal impact of
spatial modeling (Supplementary Figure 1). However, evaluating autocorrelation does highlight
the impact trial design and yearly environmental effects can have on the correlation of neighboring
plot values within an experimental trial. The distribution of the Moran I statistic for all trials and
model iterations, as shown in Figure 2, is centered around 0, indicating that spatial analysis
maintained a complete random spatial distribution. Omitting some outliers, alpha-lattice produced
autocorrelation values that point to no clustering within the trial datasets, with most having a value
lower than 0. The alpha-lattice outliers produced were from the 2021 growing season, which saw
unprecedented water stress in many locations. In general, 2021 saw a shift in trial values that
indicated more clustering and spatial correlation of plots, which was unsurprising considering the
year's growing conditions. Moran distributions centered around 0 for 2020 and 2022 growing

seasons with few water stress events.
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Autocorrelation of Trials (Moran 1)
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Figure 2. Distribution of trial autocorrelation by (A) trial design and (B) year. A Moran I value of 1 indicates
plots are entirely clustered (high correlations present), 0 indicates a completely random distribution, and -1

indicates no correlations with a perfect distribution pattern. ACBD — Augmented Complete Block Design

Model Fit

Evaluation of model fit is the best way to identify the modeling strategy that works in a
particular scenario and with a specific dataset (Chakrabarti and Ghosh, 2011). Spatial analysis was
conducted on 47 trials using models outlined in equations 2-7, both with and without SRIs (NDVI,

NDRE, and %CC) as covariates. These models were then evaluated for model fitness by calculating
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AIC. The distribution of AIC of the models is found in Figure 3, where a lower AIC indicated a

better model fit.

Spatial Model Fit with SRIs Covarietes (AIC)
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Figure 3. Comparison of the distribution of model fit across individual experiments for trial design and
spatial model strategy. NDVI — Normalized Difference Vegetation Index; NDRE — Normalized Difference
Red Edge; %CC — Percent Canopy Cover; AIC - Akaike Information Criterion; ACBD — Augmented

Complete Block Design.

The alpha-lattice performed better than the comparable ACBD trials with an overall average
AIC of 100.93 and 132.14, respectively. across modeling strategies, both with and without SRI
variables, This trend was expected due to the replication of genotypes in the more robust alpha-
lattice design. The robustness of the alpha-lattice is also shown in the limited ability of SRIs to
improve model fitness for trials over the control models. SRIs, however, have a significant effect on
model fit when used for ACBD trials. This is most apparent in ability of SRI’s to minimize poor

outlier AIC scores in augmented trials regardless of the base model used ,an indication of improved
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model reliability and overall robustness. Identification and decreasing the influence of outliers is
critical when trait data are used in selection indices, especially genomic selection indices. Among
SRIs, there is little difference in model fitness. Each index evaluated improved overall model fitness
similarly regardless of base model or trial design. As shown in Supplementary Table 2, the best
spatial modeling strategy across this study population was the Row-Column Effect model with
NDRE as a covariate with an AIC average of 73.74 and 88.27 for alpha-lattice and ACBD,
respectively. The poorest fitting models were the Block-Effect control models, where alpha-lattice

had an average AIC of 141.07 and ACBD with 214.92.

Coefficient of Variation

CV follows a similar trend to that found with model fitness, where alpha-lattice trials
produce a lower, better average CV value across all models (10.38) than the comparable models for
ACBD trials (14.02), again highlighting the ability of alpha-lattice design to deal with and minimize
irregular trial heterogeneity very well. As seen in Figure 4, the difference in CV performance did not
change between alpha-lattice and ACBD in the same model strategy, even when utilizing SR1s.
However, SRIs lowered CV scores by an average of 2.55 for alpha-lattice and 2.1 for ACBD trials.
As was expected, the poorest average CV was produced by the Block Effect control model, with a
CV of 12.69 for alpha-lattice and 15.77 for ACBD. Dissimilar to AIC, the best improvement in
average CV for alpha-lattice (8.84) was using the 2D Spline with NDVI as a covariate, while for

ACBD (12.73), the 2D Spline with NDRE had the lowest CV.
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Figure 4. Comparison of the coefficient of variation (CV) distribution across individual experiments for trial
design and spatial model strategy. NDVI — Normalized Difference Vegetation Index; NDRE — Normalized
Difference Red Edge; %CC — Percent Canopy Cover; AIC - Akaike Information Criterion; ACBD —

Augmented Complete Block Design.

Discussion

This research evaluated the validity of utilizing UAS-derived SRI data to improve spatial
models for the evaluation of grain yield in individual field experiments. All SRIs evaluated, NDVI,
NDRE, and %CC, were found to enhance model fitness for trial design (Block-Effect), row-column
effect, and 2D Spline model trends. These results were found amidst trials that were evaluated in a
diversity of environments and growing conditions. SRIs improved model fitness and account for
more significant amounts of spatial variability in both alpha-lattice and ACBD trials. ACBD trials

saw much more significant gains in model performance from SRIs.
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The study population evaluated was made up of trials utilizing one of two trial designs:
alpha-lattice or ACBD. These trials were observed over three extreme environmental years, testing
both water stress tolerance and limits of yield potential under ideal growing conditions. Because of
this, the trials evaluated have distinct characteristics and challenges that must be dealt with in spatial
analysis.. In 2021, a severe drought year, the trials exhibited increased autocorrelation and clustering,
indicating irregular spatial heterogeneity. Less spatial clustering was observed in the more ideal

growing seasons of 2020 and 2022,

The design of a field trial and how it is analyzed play a significant role in the quality and
reliability of the data it produces. The reality of field experimentation is that irregular spatial
heterogeneity will be present and introduce errors and outliers into the trial trait data. Trial design
and, secondarily, spatial analysis work to mitigate this error (Gilmour et al., 1997; Stringer et al.,
2012; Borges et al., 2019). Breeders can have increased confidence that trait data represents genetic
potential. UAS-collected SRIs have a unique ability to capture plant stress and other trial

characteristics like canopy cover.

While UAS-collected spectral data has become a popular tool for breeders, it is still
expensive and requires specialized labor and equipment. To maximize the value of the UAS, it is
important to find as many uses for the data it produces as possible, maximizing overall utility.
Extensive research has been done in popular areas of plant breeding where there is clear potential
for UAS data to provide valuable insight into trait selection (Sankaran et al., 2015; Xue and Su, 2017;
Herr et al., 2023). It is well established that UAS data can improve tools for trait selection that a
breeder already uses, such as genomic selection (Crain et al., 2018; Sun et al., 2019; Lozada et al.,

2020). This study aims to expand the work of Morales et al (2022) to determine if UAS data can
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benefit field trial design and analysis for minimizing spatial variability across a diversity of trial types,

locations, and environmental conditions.

CV is a popular tool to identify how much variability has been introduced into a field
experiment, indicating the overall reliability of the collected data. It works well to highlight the
improvement SRI-enabled spatial modeling can have on the data collected. The trends found in the
distribution of model CV match those found with AIC. SRIs improve a trial's uniformity and reduce

deviation around the trial mean.

While the results of this study are promising, it is worth further exploring how indices
utilized in spatial modeling impact phenotypic values and genotype rank. It is feasible that the
improved models, while reducing spatial variation, could introduce unwanted bias into the data
utilized in breeder selections. The next steps for this research will focus on what impact SRIs have

on genotype trial rank, if any.

Conclusion

This study highlights the powerful potential of SRI to improve the overall efficiency of field
trial design and analysis in a breeding program, providing decision-makers with more reliable field
trial datasets. The results presented have generated many more questions that need attention,
including how these models differ in producing ranks of evaluated genotypes and how that impacts
breeder selection. The next steps will include assessing how these spatial models impact selection

results and the introduction of potential bias created by using a specific SRI.
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Supplementary Tables and Figures

Supplementary Table 1

Location Year Trial Design Observations Genotypes
Farmington, WA 2020 AY2 Alpha-Lattice 144 48
Harrington, WA 2020 AY1 Alpha-Lattice 144 48
Lind, WA 2020 AY1 Alpha-Lattice 144 48
Lind, WA 2020 DH Single Plots Augmented 406 375
Lind, WA 2020 F5 Single Plots Augmented 304 281
Lind, WA 2020 Preliminary Alpha-Lattice 198 66
Pullman, WA 2020 AY1 Alpha-Lattice 144 48
Pullman, WA 2020 AY2 Alpha-Lattice 144 48
Pullman, WA 2020 DH Single Plots Augmented 134 121
Pullman, WA 2020 5 Single Plots Augmented 223 208
Pullman, WA 2020 Preliminary Alpha-Lattice 216 72
Pullman, WA 2020 Preliminary Alpha-Lattice 216 72
Ritzville, WA 2020 AY1 Alpha-Lattice 144 48
Walla Walla, WA 2020 AY2 Alpha-Lattice 144 48
Walla Walla, WA 2020 Preliminary Alpha-Lattice 216 72
Davenport, WA 2021 AY1 Alpha-Lattice 144 48
Davenport, WA 2021 AY2 Alpha-Lattice 144 48
Davenport, WA 2021 Preliminary Alpha-Lattice 216 72
Harrington, WA 2021 AY1 Alpha-Lattice 144 48
Kahlotus, WA 2021 AY1 Alpha-Lattice 144 48
Lind, WA 2021 AY1 Alpha-Lattice 144 48
Lind, WA 2021 DH Single Plots Augmented 129 113
Lind, WA 2021 DH Single Plots Augmented 99 93
Lind, WA 2021 5 Single Plots Augmented 414 382
Lind, WA 2021 Preliminary Alpha-Lattice 216 72
Pullman, WA 2021 AY1 Alpha-Lattice 144 48
Pullman, WA 2021 AY2 Alpha-Lattice 144 48
Pullman, WA 2021 DH Single Plots Augmented 227 212
Pullman, WA 2021 I5 Single Plots Augmented 468 433
Pullman, WA 2021 Preliminary Alpha-Lattice 216 72
Ritzville, WA 2021 AY1 Alpha-Lattice 144 48
Ritzville, WA 2021 F5 Single Plots Augmented 414 382
Walla Walla, WA 2021 AY2 Alpha-Lattice 144 48
Walla Walla, WA 2021 Preliminary Alpha-Lattice 216 72
Davenport, WA 2022 AY1 Alpha-Lattice 126 42
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Davenport, WA 2022 AY2 Alpha-Lattice 108 36
Davenport, WA 2022 Preliminary Alpha-Lattice 162 54
Farmington, WA 2022 AY2 Alpha-Lattice 108 36
Harrington, WA 2022 AY1 Alpha-Lattice 126 42
Prescott, WA 2022 AY1 Alpha-Lattice 126 42
Pullman, WA 2022 AY1 Alpha-Lattice 126 42
Pullman, WA 2022 AY2 Alpha-Lattice 108 36
Pullman, WA 2022 F5 Single Plots Augmented 194 183
Pullman, WA 2022 I5 Single Plots Augmented 176 168
Pullman, WA 2022 Preliminary Alpha-Lattice 180 60
Ritzville, WA 2022 AY1 Alpha-Lattice 126 42
Ritzville, WA 2022 Preliminary Alpha-Lattice 162 54

DH — Double Haploid; AY — Advanced Yield T'rial
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Supplementary Table 2

AIC CV

Model Alpha- Lattice ~ Augmented  Alpha- Lattice = Augmented

Global Average 100.93 132.14 10.38 14.02
Block Effect - Control 141.07 214.92 12.69 15.77
Block Effect - %CC 108.05 154.83 10.74 13.94
Block Effect - NDVI 102.34 142.97 9.64 13.74
Block Effect - NDRE 96.45 131.9 9.88 13.24
Block Effect - Index AVG 102.28 143.23 10.09 13.64
2D Spline - Control 129.03 170.8 11.68 15.35
2D Spline - %CC 97.93 111.85 9.57 13.44
2D Spline - NDVI 90.8 107.65 8.84 13.11
2D Spline - NDRE 85.74 97.28 8.88 12.73
2D Spline - Index AVG 91.49 105.59 9.09 13.09
Row-Column - Control 119.1 166.14 12.55 15.74
Row-Column - %CC 87.01 103.11 10.48 14.07
Row-Column - NDVI 79.85 95.95 9.78 13.91
Row-Column - NDRE 73.74 88.27 9.83 13.23
Row-Column - Index AVG 80.2 95.77 10.03 13.74

AIC - Akaike information criterion; CV - coefficient of variation; NDVI - normalized difference
vegetation index; NDRE - normalized difference red-edge index; %CC - percentage canopy cover
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CHAPTER FIVE: BANDWAGON EFFECT AND OTHER MUSINGS

Throughout my time in graduate school, working on the projects outlined here, in the back
of my mind I was forced to remember a paper Dr. Rex Bernardo published (Bernardo, 2016). In this
publication, he outlines the idea initially discussed by N. W. Simmonds (1991) that in plant breeding,
we are subject to bandwagon ideas and technology that become increasingly fashionable and popular
as more people buy into them. Between Simmonds and Bernardo, many topics are discussed, and

examples are given of when bandwagons enter plant breeder research, grow in hype, true potential is

realized, and finally, the reality of how these tools can be utilized is settled. Bernardo illustrates this

trend well in Figure 1 (Bernardo, 20106)

------------ —_—
Excitement Realization Reality

Hype

Y3 (?) Genomewide selection

~{——————> Linkage mapping of QTL

———
-

\
M3 Association mapping

1991 2016
Time
Figure 1. (Bernardo, 2016) Life cycle of a bandwagon, with QTL mapping, association mapping,
and genomewide selection as examples. The reality level for association mapping is low, because the

approach typically lacks power for detecting rare variants, which are what plant breeders most often

seek. The (?) before genomewide selection indicates that the eventual level of usefulness of the

procedure is still being discovered.

I wonder where high throughput phenotyping (HTP), especially with unoccupied aerial

systems (UAS), will inevitably end up on that graph. Bernardo himself recognizes that HTP and
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UAS imagery are on the rise of hype in breeding. This trend is also discussed in Chapter 1, where an

evident surge in publications and citations can be seen (Herr et al., 2023).

The issues of a bandwagon can partly be blamed on human nature. We, in and of ourselves,
are imperfect in conducting perfect research. The reality is that our passions, theories, and desires
impact our research. Bandwagons exist because they allow us to be a part of an accepted
community, where if we play our cards right, they will land us as a technology pioneer. Because of
this, and mixed with an intense curiosity, I think scientists tend to hold onto ideas longer than they

should, pushing concepts and strategies down rabbit holes with no applied or practical conclusion.

I struggle to decide if the hype for HTP and UAS for breeding applications should continue
to rise or taper off. I feel that my research is conflicted in answering this question as well. Methods
for data collection are still very labor intensive and require at least a part-time specialized technician.
UAS data improves genomic selection, but is the increased prediction worth the resources
necessary? At the same time, if you have early UAS data and disaster strikes your trials, model
predictions can get very high prediction accuracy for how those genotypes would have performed.
Finally, UAS have shown great promise in changing how we design and implement field

experiments, reducing spatial error and improving field experiment reliability.

Another factor to consider in how UAS are used is that HTP traits are only slightly more
heritable than the primary agronomic traits of interest. Genomic data, for example, is unchanging
for genotypes across years and locations. In contrast, HTP data, because it is a phenotypic
observation, indicates a response to both genotype and environment with no consistent relationship
to either. This is also highlighted in prediction modeling strategies. When the genetic factor of HTP
data is not taken into account, the reliability of predictions across environments and scenarios

decreases (Crain et al., 2018; Rutkoski et al., 2016; Sun et al., 2019)
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I believe we are most likely at the peak of the curve entering into the realization phase in
Bernardo's illustration. When at conferences and meetings for breeding, HTP and UAS imagery are
always some of the most talked about topics. The research outlined here, however, has highlighted
some of the limitations in the technology and the reality of how it might practically be used in the
industry. Additionally, where HTP ends up on Bernardo's figure depends in part on the cost of
implementation on the breeder's part. Like with genomic selection, as the technology has gotten
cheaper, the ease of use and tools available have increased. This has led to higher utilization across
breeding programs, which was previously too resource-demanding. HTP will forever be part of the
field of plant breeding. The ability to collect previously infeasible trait data and improve a breedet's
understanding and selection ability is too valuable not to be utilized to some extent. The magnitude
to which it is used depends on the ease of collection and utility in improving section efficiency and

accuracy.
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