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Abstract

The modelling and prediction of important agronomic traits using remotely sensed data
is an evolving science and an attractive concept for plant breeders, as manual crop pheno-
typing is both expensive and time consuming. Major limiting factors in creating robust
prediction models include the appropriate integration of data across different years and
sites, and the availability of sufficient genetic and phenotypic diversity. Variable weather
patterns, especially at higher latitudes, add to the complexity of this integration. This
study introduces a novel approach by using photothermal time units to align spectral data
from unmanned aerial system images of spring, winter, and facultative oat (Avena sativa)
trials conducted over different years at a trial site at Aberystwyth, on the western Atlantic
seaboard of the UK. The resulting regression and classification models for various agro-
nomic traits are of significant interest to oat breeding programmes. The potential applica-
tions of these findings include optimising breeding strategies, improving crop yield pre-
dictions, and enhancing the efficiency of resource allocation in breeding programmes.

Keywords: remote sensing; UAS; multi-spectral; oats; Avena sativa

1. Introduction

The progress within a traditional plant breeding programme relies on regular, de-
tailed scoring of phenotypic traits. These measurements are key in accepting or rejecting
new candidate genotypes, based on their profile of favourable versus unfavourable char-
acteristics for a given crop, grower requirements or preferences, and intended end use [1].
Data collection is time consuming, expensive, and in many cases qualitative and difficult
to standardise, meaning that its quality and availability can limit the throughput and ef-
ficacy of the programme.

Remote sensing for whole-plant and canopy/plot traits has the potential to reduce
manual and/or destructive scoring in breeding programmes, thus addressing this “phe-
notyping bottleneck” [2—4]. Innovations in both sensors and the delivery of sensors to the
plants (or vice versa) have been ubiquitous in recent years [5,6], making the approach
scalable and therefore generally applicable to both research and breeding. However, high
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environmental variation in the field often confounds and/or degrades the signals in the
data. This is a particular problem in highly variable oceanic climates such as found along
the Atlantic seaboard of Western Europe, including the UK and Ireland. Exploiting on-
going trials over several years with highly variable weather patterns, data was collected
with a multi-spectral camera mounted on an unmanned aerial system (UAS) for the plot-
scale prediction of numerous important phenotypic traits in oats (Avena sativa).

Oats are increasing in importance worldwide and recovering to a stable level of pro-
duction following a significant decline throughout the 20th century [7,8]. Their positive
nutritional and therapeutic characteristics, alongside apparent resilience in a changing cli-
mate, have made oats a key target for further improvement [9]. Improvement targets vary
depending on the end uses, which are primarily as forage, feed, or human nutrition [10].
At IBERS, Aberystwyth University, the oat breeding programme focuses primarily on the
development of new varieties of husked winter and spring oats for the milling industry.
Important agronomic and grain quality traits for this end use in the context of UK agri-
culture and industry are given in Table 1 alongside their Crop Ontology Trait ID where
available [11-13].

Table 1. Description of some of the key breeding targets for milling oats in the United Kingdom.

. Crop Ontology Trait .. Breeding Target for

Trait D Description UK Milling Oats

Decrease
Height of plant f h ip of th
Plant Height (cm) CO_350:0000232 eight of plant from t .e ground to tip of the (plants with short, stiff
panicle .

straw desirable)

Grain Yield (t/ha) CO_350:0000260  Lotalweightof grzllz harvested per unit Increase
Percentage weight of harvested grain at-

Kernel Content (%) CO._350:0000162 tributed to the valuable oat kernel/groat ra- Increase

ther than the less valuable fibrous husk
(which is removed during processing)

Weight of seed that is effectively dehulled

Hullability (%) CO_350:0005066 via a standardised mechanical process as a Increase
percentage of the total weight of the sample
Decrease
Screenings (%) n/a Percentage weight of harV(.esteq grain that is (}?lump, ro.und, an.d
less than 2.0 mm in width uniformly sized grains
desirable)
Specific Weight (kg/hL)  CO_350:0000259  Yicasurement of the weight of grain per unit Increase
volume
Th i igh
ousarzg 23151; Weight CO_350:0000251 Weight of 1000 representative whole grains Increase
Amount of beta-glucan present in the groat
Beta-glucan Content (%) CO_350:0005065  expressed as a percentage of the entire groat Increase
weight
. The amount of protein in the groat, ex-
Protein Content (%) CO_350:0000164 : Increase
pressed as a percentage of the groat weight
. The amount of oil in the groat, expressed as
Oil Content (%) CO_350:0000163 Decrease

a percentage of the groat weight

The accurate prediction of these traits from remote sensing is highly attractive for
breeding programmes as well as for agronomy. The cost of both staff time and equipment
for traditional phenotyping can be high. There are many examples of the successful
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prediction of the important traits of crops via multi-spectral UAS imaging, particularly
with respect to biomass and grain yield, plant nitrogen, crop density and height as well
as agronomic traits such as lodging. These models are generally effective for a given crop
within a given growing season [14-16]. Existing models typically make use of transformed
data from multi-spectral images of a plot or field in the form of various vegetation indices
(VI's), such as the normalised difference vegetation index (NDVI) [17]. More recently,
through advances in machine learning techniques, applications are emerging that essen-
tially skip this step and feed multi-dimensional raw (or lightly processed) sensor data into
an algorithm such as a support vector machine (SVM) or random forest [18]. Deep learn-
ing techniques are increasingly used in crop research to integrate multi-temporal sensor
data at a highly granular level (e.g., pixel by pixel) [19]. A variety of algorithms and archi-
tectures have proven effective for this type of modelling both independently and in com-
bination, including convolutional neural networks (CNNs), Pyramid Scene Parsing Net-
works (PSPNets), Long Short-Term Memory networks (LSTMs), spatiotemporal trans-
formers, and attention mechanisms [20-25]. These approaches enable the capture of both
local and short-term variations between samples or plots, as well as broader, long-term
changes. This makes them particularly well-suited for monitoring crops, where develop-
mental changes over time drive corresponding changes in their measured spectral char-
acteristics. However, the drawbacks of such models include their high computational cost,
limited interpretability, and reliance on dense, high-quality training data [26,27]. There-
fore, while deep learning techniques represent a powerful and increasingly prevalent ap-
proach for modelling multi-temporal sensor data, sparse historical datasets (such as the
UAS data available for this study) may be better aligned with more traditional machine
learning methods, which tend to be more robust under conditions of limited and hetero-
geneous data [28].

Despite the ability to capture large amounts of spectral data in a short time and to a
tightly standardised protocol, UAS imaging has limitations. The current legislation in the
UK requires specific training and qualification for the permitted operation of all but the
smallest UASs, as well as various operational constraints relating to the safe use of UASs
and the airspace [29]. These factors, plus in-house resource limitations, mean that the fre-
quency of flights can be limited by several factors including the availability of sufficiently
qualified staff or pooled resources (e.g., vehicles), appropriateness of weather conditions,
and the safe availability of airspace above the crop.

These limiting factors, with the added complication of needing to align the sampling
time of day (ideally around solar noon), make regular and uniformly spaced flights diffi-
cult to maintain in operational terms. Thus, flight data is usually mis-aligned across sites
and seasons, both in terms of calendar and developmental time. This is further com-
pounded when comparing winter versus spring-sown crops which have distinct develop-
mental requirements for (and reactions to) colder weather, with the former also having an
extended period of relative developmental quiescence over the winter. There is therefore
a need for a robust method of aligning multi-year, multi-site flight data from both spring
and winter oat trials with few common sampling points in such a way that it is possible
to create models for the prediction of traits. Common developmental points (e.g., Feekes
or Zadoks [30]) can be used for the comparison of sampling points, provided that the phe-
nology does not differ significantly within or between trials, but many commercial trials
do not routinely collect this information other than key dates such as emergence or flow-
ering.

The effectiveness (and limitations) of photo and thermal time units for modelling in
plant phenotyping is established [31-33] and there are examples of the use of, for example,
Growth Degree Days and Photothermal Time in the alignment of phenotypic data from
different years and sites [34-36]. These models tend to use a “snapshot” taken at an
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important developmental timepoint, rather than data from multiple timepoints. Multi-
temporal spectral data has been identified as a key component of improved crop model-
ling by UASs but questions remain, for example, relating to the timing of flights and the
equipment/spectral bands needed [37]. The implementation of such modelling would re-
quire sufficient training data, collected at common temporal or developmental timepoints
and covering different growing seasons.

At IBERS, multi-spectral data for oat trials has been collected by UASs at as regular
intervals as operationally possible since 2021 (with caveats as mentioned above). This data
could produce strong retrospective standalone modelling for each individual trial, but
attempts to combine over-year data are limited by the sparce incidence of sampling at
these common temporal or developmental timepoints.

To address this problem, a statistical pipeline has been developed to align and scale
UAS-collected plot-scale spectral data from different trials and seasons and synthesise
spectral values for common timepoints via interpolation. Flights across three growing sea-
sons between 2020 and 2023 covered several trials that included winter oats, facultative
or autumn-sown spring oats and traditional spring oats. Given that the local weather con-
ditions vary radically from season to season, the hypothesis under test is that one or more
types of environmental data could be exploited to improve the developmental alignment
between seasons, thus comparing similar phenologies at each timepoint, resulting in more
accurate prediction models. A desirable outcome of this endeavour, from a breeding per-
spective, would be phenotypic trait estimates that were less dependent on season-to-sea-
son weather variation.

The key principles of the pipeline are outlined in Figure 1. Time-series UAS spectral
data are scaled by various photothermal units and aligned (or “zeroed”) by key calendar
or developmental dates. Data is then interpolated for timepoints in-between real flights to
give estimates for sensor data at common timepoints for all trials across years and crops.
This series of sensor data is then subjected to various supervised machine-learning algo-
rithms for the creation of predictive models that can be applied to future trials.
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Figure 1. Schematic of the principles of the data pre-processing under test in this study.

By separately testing UAS data that has been scaled using environmental data, and
aligned by calendar and developmental timepoints, data for both spring and winter sown
oats can be combined into one training and test set. From this, LASSO regression and
random forest models are created. The aim of these regression models is to assign a nu-
merical value to a trait, but also explored in this study is within-trial classification based
on the relative performance of that plot within each trial, which will be a useful outcome
for the breeding programme as a phenotypic marker for post-harvest traits.

2. Materials and Methods
2.1. Oat Trials and Ground-Truth Data

The exact protocols for trials and associated ground-truth measurements varied
slightly over the different trials and years, but the general methodology is given here
alongside notes in the case of significant deviation from the standard methods. Ground
truth and UAS data were collected from 7 oat trials grown between 2020 and 2023 at
Gogerddan, Aberystwyth University. The trial details are given in Table 2. Trials were
sown at a rate of 300 seeds/m?, in 5.2 m? plots in a random block design. Trials and plant
protection products and fertilisers were managed and applied in accordance with the
AHDB trial protocol [38], apart from the trial sa_h21 which contained plots with a range
of nitrogen applications from 0 to 300 kg/Ha.

Table 2. Properties of the trials from which UAS and ground truth data was taken for this study.

Trial Harvest . ] Total

Alias  Year Crop Trial Type Sowing Date Plots
br_h21 2021 Winter Oats Commercial advanced breeding lines Week 41,2020 395
sa_h21 2021 Spring Oats Nitrogen response trial, commercial varieties Week 12,2021 54
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br_h22
cd_h22
ho_h22
br_h23
cd_h23
ho_h23

2022
2022
2022
2023
2023
2023

Winter Oats Commercial advanced breeding lines Week 40, 2021 393
Facultative Oats Mixed commercial varieties and advanced breeding lines Week 41, 2021 300
Spring Oats Mixed commercial and heritage varieties Week 12,2022 75
Winter Oats Commercial crosses for breeding programmes Week 41,2022 393

Facultative Oats Mixed commercial varieties and advanced breeding lines Week 42, 2022 300
Spring Oats ~ Mixed commercial varieties and advanced breeding lines Week 16,2023 75

DAF-zero (zero days after flowering) was used in this study to describe the start of
the reproductive phase of the trial and is given as an estimation of the date at which the
majority of the plots in the trial had advanced to gs59, by either the mean date of gs59 for
that trial or, in the instances that gs59 was not scored, the mean date of gs51, plus the mean
difference between gs51 and gs59 for all the other trials (+8 days, SD = 1.6 days). Plant
height was taken with the plants at their full height, between gs69 and gs89, from between
3 and 5 random but representative plants within each plot, measured from the ground to
the tip of the highest panicle and given as the mean height in cm. The grain yield, subse-
quent analysis of the grain quality traits specific weight, Thousand grain weight (TGW),
kernel content (KC), and hullability were determined as previously described [39]. To ad-
just for plot areas missing due to establishment issues or damage, the “adjusted grain
yield” was calculated from the raw plot yield (t/Ha for the plot size as sown) and an esti-
mation of the effective area of the plot by using the following equation:

Adjusted grain yield (t/Ha) = raw yield (t/Ha)/estimated plot cover (%)

The 3-glucan, protein, and oil content of the groat were determined via near-infrared scan-
ning spectroscopy on a NIRS6500 system (FOSS, Hillered, Denmark) [39].

2.2. UAS Data Acquisition and Pre-Processing

UAS imaging was scheduled on an approximately fortnightly basis for all the trials.
Operational limitations reduced this frequency. In total, across all the trials, there were 51
individual flights from which data was processable. The flight times for each individual
trial are available in the supplementary data repository. The UAS used for imaging was a
DJIM210 Version 2 (DJI, Shenzhen, China) fitted with a Slantrange 4p multi-spectral cam-
era with a precision navigation module (Slantrange Inc., San Diego, USA). Flights fol-
lowed the same pre-programmed path at a height of 35 m above the surface level, with
images taken at 80% overlap, implemented using DroneDeploy software (DroneDeploy
Inc., San Fransisco, USA). Images were captured in the following spectral bands: blue (470
nm centre, 120 nm width), green (550 nm centre, 100 nm width), red (620 nm centre, 110
nm width), red-narrow (650 nm centre, 40 nm width), red-edge (710 nm centre, 20 nm
width), and near-infrared (850 nm centre, 100 nm width). Multi-spectral images were
stitched using Agisoft Metashape software (Agisoft LLC, St. Petersburg, Russia). Super-
vised semi-automatic segmentation of plots from stitched images was carried out using
the GRID python package [40] with a k value of 3. This returns one intensity value per
spectral band (0-255) per plot, representing the mean intensity for all the segmented crop
pixels.

2.3. Environmental Data and Photothermal Units

Local air temperature and rainfall data were collected by the Gogerddan Met Office
surface station (longitude: —4.02, latitude: 52.43, altitude: 31 m) [41]. Growth Degree Days
(GDD) were calculated by using the following equation:

GDD (° days) = ((Tmax — Tmin)/2) — Tsase
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where Tvax and Tumiv are the daily maximum and minimum air temperatures, respectively,
at the crop level in °C, and Tsast is a constant describing the temperature below which
plant development stops—for oats, Tsase was set as 0.0 °C [42]. If ((Tmax — TmiN)/2) < Tsask,
GDD = Taask [43].

For the same coordinates as the surface station, daily sunrise and sunset times for
Gogerddan between 1 January 2020 and 31 December 2023 were downloaded from the
U.S. Naval Observatory Astronomical Applications Department website [44]. The Photo-
thermal Time (PTT) was calculated by using the formula:

PTT (° day hours) = GDD (° days) x Day Length (h)

where day length is the number of hours in decimal between sunrise and sunset [45].

The total daily Global Horizontal Irradiance (GHI) data for Gogerddan with a 1-day
timestep between 1 January 2020 and 31 December 2023 were downloaded from the Co-
pernicus Atmosphere Monitoring Service (CAMS) Atmosphere Data Store (ADS) [46-50].
Empirical conversion of GHI to Photosynthetically Active Radiation (PAR) (being the pro-
portion of energy given by photons in the wavelength range 400-700 nm [51]) is non-
trivial but can estimated by applying an accepted conversion factor of the total daily PAR
being 45% of the total solar irradiance [52-54]. Daily Light Integral (DLI), the total amount
of PAR received over a 24 h period (midnight to midnight), is therefore estimated by using
the following equation:

DLI (mol/m?day) = total GHI (Wh/m?/day) x 0.45 x 4.57 (umol/J) x 3600 (J/Wh) x 10-¢

where 0.45 = the estimated proportion of total solar radiation in the PAR waveband, 4.57
= photons per joule of PAR energy (umol/]) [55,56], 3600 = number of joules per watt-hour
and 10-¢ for the conversion of pmol to mol. The Photothermal Integral (PTT), an experi-
mental photothermal unit for temperate climate is given as:

PTI (° mol/m?) = GDD (° days) x DLI (mol/m?/day).

2.4. Statistical Analysis

Statistical analysis was carried out using R version 4.4.0 in the RStudio environment.
Two interpolation methods within base-R were used to predict sensor data at timepoints
between real measurements, the “approx” function for linear interpolation and “spline”
function for curved or natural interpolation. Time units under the test were days, GDD,
DLL PTT, and PTI, as an accumulation since 1st January of the harvest year or “day of
year” (DOY), since the date on which sowing was completed or “days after sowing”
(DAS), and since the onset of flowering or “days after flowering” (DAF). For each unique
combination of interpolation method, time unit, and alignment day, the sampling points
at which to interpolate sensor data were determined as the four equidistant points with
the largest common difference along the largest possible time unit overlap for all trials,
with the 1st timepoint being the alignment day for DOY and DAS, and the 2nd timepoint
for DAF. These parameters gave the best possible range of data in terms of covering com-
mon developmental and/or environmental timepoints between trials and years while
minimising the occurrences of more than one interpolation point between real measure-
ments. More than one interpolation point would give rise to strongly co-linear predictor
variables in the training set, which is undesirable. Following interpolation, plots with in-
tensity values for any of red, green, blue, red-edge, red-narrow, or NIR that were more
than 1.5 times the inter-quartile range for that flight and sensor were removed as outliers.
Interpolation methodology was tested using a leave-one-out validation for all flights (ex-
cluding the first and last flight for each trial), and R? for the interpolated vs. real flight data
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were compared against both the timepoint of the interpolation within the growth of the
trial as well as the size of the time gap within which the interpolation was made.

Plots were split randomly into training and test data at a ratio of 80:20 using the “cre-
ateDataPartition” function of the “caret” package [57]. Each trait of interest was tested
individually as a numeric outcome variable, with intensity data for each of the six sensors
at four timepoints per sensor as the predictor variables (giving 24 predictor variables per
test). Due to the potential for co-linearity, LASSO was chosen as a regression technique
that mitigates this risk and reduces overfitting through the encouragement of sparse mod-
els. LASSO regression was implemented using the “glmnet” package, with A selected as
the largest value within one standard error of the minimum cross-validation error [58,59].
The same data was also tested using random forest regression which was implemented
using the “randomForest” package [60]. The resulting regression models were compared
to each other by normalising the test-set R? and root mean square error (RMSE) across all
the method combinations for each outcome variable, and then taking the mean normalised
values for each method combination. The individual outcome variable model methods
were compared by ranking test-set R? (high-low) and RMSE (low-high), and adding the
rankings with equal weighting, and dividing by 2 to give an overall rank. If two models
have an equal rank following this process, then the model with the lowest RMSE receives
the higher rank. Variable importance was calculated via the mean decrease in accuracy
“importance” function in the “randomForest” package in R (an estimation of the % de-
crease in model accuracy should that variable be unavailable).

For within-trial classification, each outcome variable was ranked numerically within
its own trial and partitioned as follows: equal to or less than the median value into “low”
classification and greater than the median value into “high”. Three descriptive within-
trial classes were also then created:

1. Milling quality, which was assigned “good” if that plot yielded grain with high clas-
sifications for both kernel content and hullability, and “poor” if both kernel content
and hullability were classed as low. Any other combinations were classed as “inter-
mediate”.

2. Physical quality, which was assigned “good” if both test weight and TGW classifica-
tions for the plot were high and screenings were low, and “poor” if both test weight
and TGW were low and screenings high. Any other combinations were classed as
“intermediate”.

3. Groat composition, which was assigned “good” if both groat protein and i-glucan
content classes were high and oil content class was low. Groat composition was clas-
sified as “poor” when both groat protein and 3-glucan content classes were low and
the oil content class was high. Any other combinations were classed as “intermedi-

”

ate”.

The same data as for the regression models was then used to train and test a random
forest classification model for each combination of outcome variable class, interpolation
method, timescale, and alignment timepoint. Implementation was with the “random-
Forest” package and tuned with the “tuneRF” function. To calculate the false positive rate
and contextualise within the broad aims of the oat breeding programme, for plant height,
oil content, and small grains/screenings, the positive class was set as “low”, while for all
other traits, the positive class was “high”. The classification accuracy and false positive
rate (FPR) were calculated as follows:

Accuracy = (TP + TN) / (TP + TN + FP + EN)

FPR = FP / (FP + TN)
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where TP and TN are true positive and true negative classifications in the test set, and FP
and FN are false positive and false negative.

Classification models were compared and ranked by their normalised accuracies and
FPRs for each outcome variable. For the ranking, if two or more models shared an accu-
racy score, then the model with the lowest false positive rate was given the higher rank.
The variable importance was calculated via the “importance” function in the “random-
Forest” package in R, using the same method as for the random forest regression.

To further investigate the importance of the sensor data, an ablation study was car-
ried out separately for LASSO regression, random forest regression, and random forest
classification. For all models, data from one sensor (either red, green, blue, red narrow,
red edge, or NIR) was removed from the training set in turn, and the resulting drop in R?
(for regressions) or classification accuracy (for classifications) on the test set was meas-
ured. The differences in model performance were then evaluated using either a ¢-test (for
normally distributed differences) or the Wilcoxon signed-rank test (for non-normally dis-
tributed differences). The null hypothesis in each case was that the mean (for f-tests) or
median (for Wilcoxon tests) difference between the original and ablated models was zero.
Resultant p-values were adjusted using the Bonferroni correction.

3. Results
3.1. Data Interpolations

At each of the selected common timepoints, the spectral values for each plot were
interpolated according to the values from real UAS flight data before and after the “artifi-
cial” point. This is essentially a form of synthesising data. Sometimes the synthetic data
would be temporally very close to a “real” measurement and would therefore closely re-
semble that measurement, while at other times, there may have been several calendar
days or the equivalent photothermal units between the interpolation point and the nearest
real measurement. Figure S1, by showing the trends in mean R? values from the leave-
one-out validation, demonstrates that as the distance between points increases, data in-
terpolated between those points becomes less likely to accurately portray a “real” meas-
urement. R? for interpolated vs. real data generally decreased as the timepoint increased,
and an increase in the time gap between which interpolations are made was also associ-
ated with a decrease in R2. Complete leave-one-out validation data is available at the sup-
plementary data repository. Figure 2 demonstrates how changing the alignment T-zero
and/or timescale from calendar days to a photothermal unit creates overlapping sampling
points and suitable points at which to interpolate.
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timepoints.

3.2. Regression Models

The regression models were trained to predict a continuous numerical outcome from
the synthetic spectral data. Their performance (or potential usefulness) can be assessed by
the R? and RSME values of the predicted vs. ground truth data from the test data. Test
data is the randomly selected portion of training data that is partitioned and not included
in the model, so by presenting the test data to the model and comparing to the ground
truth data (to which the model was blind), it is possible to estimate how the model will
perform for future trials.

The detailed regression performance metrics are available at the supplementary data
repository. The mean normalised R? and RSME across all outcome variables for each
method combination are shown in Figure S2. Generally, random forest regression models
had a higher R? and lower RMSE than their LASSO equivalent, and models using “day of
year” as their alignment timepoint (or T-zero) had a higher R? and lower RMSE. When
looking across the normalised performance metrics, there was little evidence for a “strong-
est” combination of interpolation method or timescale. This finding suggests that each
outcome variable is likely to have its own optimal set of interpolation method, timescale,
and T-zero on which to build models. The individual outcome variables method com-
bined rankings are given in Figure S3.

The data processing methods (combination of interpolation method, T-zero, and
timescale) which yielded the top-ranked models for the regression methods are given in
Figure 54.
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3.3. Classification Models

The classification models were designed to estimate the performance of a variety
plots within each trial, relative to its peers, for some key target traits. This classification
pipeline aimed to replicate what breeders are doing in variety trials, often making more
qualitative assessments about which of the candidate varieties appear to be performing
well in a given environment, without necessarily being concerned with the absolute num-
ber or score associated with that trait.

The detailed classification performance metrics are given in the supplementary data.
The overall effectiveness of the different combinations of interpolation method, T-zero,
and timescale are summarised in Figure S5 by reference to the means of the normalised
accuracy and FPRs. None of the two interpolation methods, T-zeros, or timescales, pro-
vided a generally better classification performance across all the outcome variables. This
again suggests that optimal data alignment and interpolation methods differ between out-
come variables. The method accuracy ranks for each outcome variable are given in Figure
S6, and the data pre-processing methods used for the highest ranked models are given in
Figure 57.

Having ranked the models according to their performance for each individual trait,
the highest ranked model was taken forward for further investigation. Along with the
importance of variables, also measured was the advantage (if any) of the use of photother-
mal units over prediction models trained on data aligned by calendar days.

3.4. Grain Yield

The adjusted grain yield, being the principal measure against which breeding deci-
sions are made, is preferred to raw yield data in the breeding programme, and therefore
is the ground truth variable used for the description of the yield results. Adjusted yield
performed slightly better than raw yield in general across the method combinations for
both regression methods (mean R? 0.81 vs. 0.79) but fared slightly worse in the within-trial
classification models (mean accuracy 69.2% vs. 69.6%). The strongest regression model
used random forest with splined interpolations from DAF-alignment and GDD scaling
(Figure 3). The strongest regression model that used calendar days as the timescale was
ranked fifth. The strongest within-trial classification model for adjusted yield was trained
using splined interpolations between timepoints measured in days, aligned by DAF (Fig-

ure 4).
Random Forest Predictions: Adjusted Grain Yield (t/Ha) Importance
GDD since DAF-zero: -320; 0; +320; +640 ° days i

NIR 134 | 123 156
5 Test: R® = 0.86, RMSE = 0.946 p—— - PN 0 136
< Training: R® = 0.98, RMSE = 0.416 o ed =dge : : :
% o Red Narrow 123 142 15 10.2
= Red 99 142 18
©
G} Green 159 97 127 87
el
D
a Blue 165 79 158 83
A S ]
< £ »HF
3 Data Set d . X
k3] - GDD since DAF-zero
3 - es_t . (° days)
. -®- Training

|

0 5 10

Actual Adjusted Grain Yield (tHa) 8 12 18 18 &

Figure 3. XY plot for the highest ranked random forest regression model for adjusted grain yield
and heatmap of importance of each sensor and timepoint in the model.
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Confusion Matrix: Adjusted Grain Yield (t/Ha) Importance

Accuracy: 0.74 (95% CI: 0.69-0.78)
P-value vs NIR (0.51): <0.001 NIR 16 108
False Positive Rate: 0.29

Red Edge 121 41 89 1.6

a5 Red Narrow ~ 10.5 58 104 113
i Count
g g Hion 46 Red M6 66 44 112
é % False Positives Green 10.7 42 42 36
20 Blue 114 99 89 42
£2 Low -
33 40 A
= O
a < DAYS since DAF-zero
(days)
\/0\‘\ Q\\&\
Actual within-trial class: 5 10 :5
Adjusted Grain Yield (t/Ha)
Figure 4. Confusion matrix representing the ground truth vs. predicted adjusted yield within-trial
class from the highest ranked classification model, and heatmap showing the importance of each
sensor value and interpolation timepoint.
3.5. Plant Height
Random forest regression of splined interpolations from DAF-alignment and PTT
scaling produced the strongest regression model for plant height (Figure 5). The strongest
within-trial classification model for plant height was trained using linear interpolations
between DLI timepoints, aligned by DAF (Figure 6).
Random Forest Predictions: Plant Height (cm) Importance
PTT since DAF-zero: -5341; 0; +5341; +10,682 ° day hours
T o
INing: R= = 0.94, = 4.
E 140 (] Red Narrow 16 15.4 - 12.5
= v 19 156 153 [
=y
Z 120 Green 144 139 157 136
=
g Blue 10.8 13.6 - 16.1
o
100 N Q N v
g };')b‘ x(o")b' \Qb%
3 Data Set R o
a since DAF-zero
80 - Test (° day hours)
code - Training
80 100 120 140 160 -

Actual Plant Height (cm) 158 SIS0 155 =00

Figure 5. XY plot for the highest ranked random forest regression model for plant height and

heatmap of importance of each sensor and timepoint in the model.
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Confusion Matrix: Plant Height (cm) Importance
Accuracy: 0.69 (95% CI: 0.63-0.74)
P-value vs NIR (0.51): <0.001 NR 23 -08 - 67

False Positive Rate: 0.38

Red Edge 6.7 09 6.9 46

a Red Narow 0.7 1 06 47
8 _ Count
5 5 Low 61 Red 51 0.5 23 55
%‘ ;% False Positives Green 21 59 - 5.1
=T Blue 33 31 58 5.7
35, 60
§ a High & N $ x&%
a DLI since DAF-zero
(mol/m?3/day)
@é\ \/0\‘\
Actual within-trial class:
Plant Height (cm) 00 2550 75100
Figure 6. Confusion matrix representing the ground truth vs. predicted plant height within-trial
class from the highest ranked classification model, and heatmap showing the importance of each
sensor value and interpolation timepoint.
3.6. Milling Quality
Good milling quality is defined here as having a good kernel content and good hulla-
bility. Three models passed significance for within-trial classification of milling quality,
the best of which used data from splined interpolations, DLI scaling, and DOY alignment
and had a test accuracy of 50% (Figure 7).
Confusion Matrix: Milling Quality Importance
Accuracy: 0.5 (95% CI: 0.45-0.56)
P-value vs NIR (0.43): 0.0064 we 2o (SN 7o
False Positive Rate: 0.18
” Red Edge - 28 36 3.1
w
I P 18 o 4 Count RedNarrow 33 14 37 32
T2 90
E3 Red 56 44 -01 27
£3 70
£~ Intermediate 41 39 Green 71 27 34 22
2 50
= - -
3= - Blue 45 3.2 1.7 36
g Poor 34 29 13 o N > ©
g ;{’\b )(A’A’q x“Q\ x&o“’
& 3% &S DLI since DOY-zero
<° S & (mol/m?/day)
q}@
> - —
Actual within-trial class: 0 5 10
Milling Quality

Figure 7. Confusion matrix representing the ground truth vs. predicted milling quality within-trial
class from the highest ranked classification model, and heatmap showing the importance of each

sensor value and interpolation timepoint.

3.7. Groat Composition

None of the models produced were able to predict the composition class significantly
better than the no-information rate. The groat oil and protein content were predicted with
moderate success with a best R? and RMSE of 0.45 and 0.73, from the LASSO regression
using DAS alignment, PTI scale, and splined interpolations for protein (Figure 8), and a
best R? and RMSE of 0.70 and 0.61, from the random forest regression using DOY align-
ment and days timescale with splined interpolations for oil. The strongest within-trial
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LASSO Predictions: Groat Protein Content (%)
PTl since DAS-zero: +18,985; +31,527; +44 069; +56,611 ° mol/m?

-
N

-
e

10

Predicted Groat Protein Content (%)

I
a
=

Low

Predicted within-trial class:
Groat Protein Content (%)

classification for protein was made with splined interpolations from PTT-scaled and DAF-
aligned data and had an accuracy of 67% (Figure 9), and for oil, the best classification
model used DAF alignment, PTI scaling, and linear interpolations but gave an accuracy
only slightly better than the NIR at 62% vs. 52% (Figure 10). The p-glucan content was the
least successfully predicted component of groat composition for both regression and clas-
sification with a best Rz and RMSE of 0.33 and 0.26 (random forest regression using splined
interpolations at DLI timepoints from DOY-zero) and a classification accuracy of 59% us-
ing the same pre-processing as for the regression.

Coefficients

NIR  -0.01 002 @ 004 ‘
Test: R? = 0.45, RMSE = 0.730 Red Edge 001 -
Training: R? = 0.43, RMSE = 0.766
o P Red Narrow  0.02 - 0.02
oo 0° L
30 Jes [
= Green - -0.03
® Blue  -0.02 -
oY ° @“’” & & &
N ) W &
l’ata Set * x % "
PTl since DAS-zero
® & Test (° mol/m?)
0g0 °°® -8~ Training
8 10 12 - -

Actual Groat Protein Content (%) H:08-044 000 4:04 4,08
Figure 8. XY plot for the highest ranked regression model for groat protein content and heatmap
showing the identity of the sensor and timepoint, and values of the non-zero coefficients. Groat
protein content is the only outcome variable in this study for which LASSO regression outperformed

random forest regression.

Confusion Matrix: Groat Protein Content (%) Importance
Accuracy: 0.67 (95% CI: 0.61-0.72)
P-value vs NIR (0.52): <0.001 NIR - -12 09 19 S8
False Positive Rate: 0.31 Red Edge 27 33 12 18
Red Narrow 04 -1.6 1122 1
49 Count Red -2 | 29 24 07
False Positives Sl 5 02 25 0.9
Blue -5 34 34 69
w ° » v
}0"} xQ;b x\0§

PTT since DAF-zero
(° day hours)

S

Actual within-trial class:

Groat Protein Content (%) Ol =S S8

Figure 9. Confusion matrix representing the ground truth vs. predicted groat protein content
within-trial class from the highest ranked classification model, and heatmap showing the im-

portance of each sensor value and interpolation timepoint.
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Predicted within-trial class:
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Confusion Matrix: Groat Oil Content (%) Importance
Accuracy: 0.62 (95% CI: 0.56-0.67)
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Figure 10. Confusion matrix representing the ground truth vs. predicted groat oil content within-
trial class from the highest ranked classification model, and heatmap showing the importance of

each sensor value and interpolation timepoint.

3.8. Physical Grain Quality

None of the models produced were able to predict the physical grain quality class
significantly better than the no-information rate, but some individual components of
physical quality were predicted with moderate success. The strongest regression model
for test weight used linear interpolations at PTI timepoints, aligned by DAS and had an
R? of 0.66 and RMSE of 1.9 (Figure 11). The strongest within-trial classification model used
linear interpolations at PTT timepoints from DOY-zero and had an accuracy of 63% (Fig-
ure 12). Regression models for screenings/small grains and TGW generally performed
well for the training data but not for the test data; however, there were several within-trial
classification models for both which passed significance.

Random Forest Predictions: Test Weight (kg/hL) Importance

PTI since DAS-zero: +18,985; +31,527; +44 069; +56,611 ° mol/m?

Test: R*= 0.66, RMSE = 1.913
Training: R* = 0.94, RMSE = 0.897

50

NIR 85 10.8 157

14.6 13 12.7

Red Edge 15.2 13 16.4

Red Narrow
Red 13.1 10.1 13.4
Green 1.8 145 133

Blue 183 149 135 16.6

0 A\ i) N
& \2?* & <

Q- 3 o
Data Set 2 x > 2
PTl since DAS-zero
- Test (° mol/m?)
-®- Training
-
55 60 65 i i B

Actual Test Weight (kg/hL)

Figure 11. XY plot for the highest ranked regression model for test weight and heatmap showing

the importance of each sensor value and interpolation timepoint.
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Confusion Matrix: Test Weight (kg/hL)

Accuracy: 0.63 (95% Cl: 0.58-0.69)
P-value vs NIR (0.51): <0.001
False Positive Rate: 0.39

Importance

High

Test Weight (kg/hL)
r
=]

Predicted within-trial class:

65
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NIR 09 02 0.3
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Figure 12. Confusion matrix representing the ground truth vs. predicted test weight within-trial
class from the highest ranked classification model, and heatmap showing the importance of each

sensor value and interpolation timepoint.

3.9. Ablation Study

The results of the ablation study are given in Table 3. For LASSO regression, the re-
moval of data from any one of the six sensors from the training set caused a small but
significant average reduction in test R2. For random forest regression, the removal of the
green channel did not significantly impact the test R?, but the removal of other sensor data
each caused a small but significant average reduction in the test R2. For random forest
classification, the removal of red, green, or red narrow data did not significantly affect the
test accuracy of the models, but the removal of blue, reg edge, or NIR data caused a small
but significant reduction in the model test accuracy.

Table 3. Average differences from ablated models vs. models trained on data from all sensors, and

the associated significance level from Bonferroni-adjusted p-values.

Average Difference from Fully Trained Model

Random Forest
Removed Sensor LASSO Regression Random Forest Regression ancdorh rores

Classification

R? R? Accuracy (%)
Red -0.004 *** -0.002 *** -0.08 ns

Green -0.005 *** -0.001 »s 0.05 =s

Blue -0.011 *** -0.009 *** -0.79 ***
Red Narrow —-0.010 *** -0.004 *** -0.36 ns
Reg Edge -0.012 *** -0.002 *** —-0.58 **
NIR -0.015 *** -0.013 *** —0.99 ***

t-test or Wilcoxon signed-rank test adjusted p-values <0.001 = ***, <0.01 = **, >0.05 ==,

4. Discussion

The overarching aim was to explore different modelling approaches to integrating
UAS remote-sensed data collected from distinct oat crop-types, which also mitigate for
radically different weather conditions between and during the different seasons. For a
wide number of key traits in oat breeding, by measuring time as a function of the accu-
mulation of key plant resources, light, and/or temperature, the models could be improved
relative to measuring time in calendar days. Overall, for the 11 traits tested, photothermal
units (either PTT or PTI) were used in the top three models 16 times, relative to 12 times
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for traditional thermal time or daily light integral, and 5 times for calendar days. So, de-
spite the overall rankings not giving a clear indication of any one strongest timescale for
modelling, it is reasonable to suggest that the strongest models tended to include the use
of combined temperature and light data more often than temperature or light alone, and
significantly more often than calendar days.

The resulting models are of interest for two main reasons. First, the training set con-
tains data from a wide variety of oat varieties, landraces, and advanced breeding lines,
also representing the two main UK oat crop types—spring oats and winter oats. Second,
the data covers 3 years with very different weather patterns, both in terms of accumulated
temperature and cloud cover. While the accumulated thermal time is widely used in
agronomy for predicting crop productivity, in oceanic and some tropical climates, light
quality can also have a significant impact. It is expected that the models could be applied
to future growing seasons at Aberystwyth, where the model scores and classes will be
used as a screen for potentially high-performing varieties. This screen will allow for the
automatic progression of a selection of high performers without the need to wait for time-
consuming laboratory analysis, thus reducing one of the key bottlenecks in the oat breed-
ing programme.

While the current models were developed using data solely from Aberystwyth, the
pipeline is designed for easy integration of training and environmental data from other
sites. With sufficient additional data, the models are expected to generalise to regions with
different climates. Predicting complex compositional traits such as groat protein and 3-
glucan remains challenging, and these models will require further refinement before be-
ing used in decision making. Except for milling quality, models of combined trait classes
did not outperform a baseline assigning all plots to the majority “intermediate” class,
highlighting an opportunity for improvement with more targeted training data.

Our methodology relies on several key assumptions. The first key assumption is that
each of the spectral properties measured proceeds from timepoint to timepoint in a pre-
dictable way (i.e., that the true mean spectral value for a plot at an unmeasured timepoint
is sufficiently close to its interpolated value) —which in turn relies on the assumption that
in general, real flights were sufficiently close together, or close enough to each interpola-
tion point, for that prediction to take place. The leave-one-out validation exercise demon-
strated the sensitivity of the data synthesis pipeline to increased distances between meas-
urements, but the best mean R?2 for sensor data, around 0.4 for most combinations, was
from interpolations over generally bigger distances than in the modelling itself. This find-
ing gives confidence that the synthetic data provided acceptable estimates of spectral in-
tensities for the non-existent UAS flights. Generally, vegetation indices display a predict-
able profile of change over time. For cereals, the indices relating to the abundance and
health of green, photosynthesising tissue generally increase as the plants progress through
vegetative growth and peak around the start of the reproductive phase, before a decline
as the crop ripens [61,62]. However, stresses can cause deviations in these otherwise pre-
dictable profiles, such as extreme temperatures, both cold [63] and hot [64], drought [65],
and biotic stresses [66]. After transformation to a vegetative index format, our multi-spec-
tral data mostly conform to these expectations. This was consistent with the environmen-
tal data and disease scores, which indicated relatively low levels of both abiotic and biotic
stresses for all the trials across all growing seasons. Therefore, based on these factors, we
could also assume that the raw spectral values (the constituents of the vegetative indices)
also progressed from timepoint to timepoint in a manner at least as predictable as shown
in the leave-one-out validation (Figure S1). The general decline in average R? in the leave-
one-out validation for real sensor data vs. interpolated data as the plants developed and
ripened is most likely explained by the fact that flights were generally further apart in
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both calendar days and especially photothermal units (which increased rapidly in sum-
mer) as the trial approached harvest ripeness.

The absence of any major abiotic plant stress allows for the reasonable assumption
that increases in photothermal units positively advanced crop development, rather than
harming it. It should be noted that our method does not discriminate between similar
accumulations of photothermal units from, for example, several days of temperate
weather with diffuse sunshine versus several days of cool weather followed by an ex-
tremely hot, bright day. Because the method uses a 24 h period as its standard unit of time,
it may need further optimisation for highly unstable weather, for example reducing the
time unit to provide more fine-grained modelling. Similar assumptions apply to resources
beyond light and warmth, i.e., that water and nutrient availability are neither limiting nor
excessive. Rainfall data (available at the supplementary data repository) generally sup-
ports this, and nutrient management was standardised to a reasonable degree by the trial
husbandry, but for future trial material where this is not the case, again the modelling
may perform differently.

The top-performing models for regression and classification used several different
combinations of interpolation method, timescale, and T-zero but a large majority of the
best models used a form of photothermal unit for scaling rather than calendar days. While
splined interpolations gave more “natural” transitions between datapoints, the formulae
for these curved interpolations are sensitive to noise, which can cause “overshooting”,
especially with data towards the ends of the x-axis (for example in some instances report-
ing negative values for intensity). This is also evident in Figure S1, with the average R?
value for interpolated vs. real measurement against developmental time in the leave-one-
out validation being often lower at the extremes of the x-axis for splined interpolation
relative to linear. Other than at the extremes of the x-axis, sensor interpolations were sim-
ilar between linear and splined methods in terms of the average R

Ablation testing helped clarify which sensors and wavelength bands contributed
most to model performance. All six sensors showed statistically significant, though mod-
est, importance in LASSO regression models; all except green were important in random
forest regressions; and for classification, omitting the green, red, or red-narrow bands had
little impact on accuracy. These findings suggest opportunities to simplify the pipeline by
developing more lightweight models, while also highlighting the need for further inves-
tigation into why certain sensors consistently contribute more than others. The NIR sensor
stood out as both the most accurately interpolated sensor in the leave-one-out validation
and the most consistently important across all model types. Although more accurately
interpolated sensor values (based on leave-one-out validation) tended to be more influen-
tial in modelling, this trend was not statistically significant (p = 0.08, 0.12, and 0.17 for
LASSO, random forest regression, and classification, respectively). The blue sensor was a
notable exception—despite being poorly interpolated, it remained among the most im-
portant predictors.

The next stages in the development of this methodology will be three-fold. Firstly,
the models will be tested on UAS data from the 2025 growing season at Gogerddan, as-
sessed, and refined for use as internal phenotypic markers. Secondly, data from oat trials
in other locations (home and abroad) is needed to assess the extent to which the method-
ology is transferable within and beyond the mild maritime climate of West Wales. Finally,
sensor technology is continuously evolving —the hardware used for the collection of spec-
tral data in this study has been superseded, and while the core principles (and spectral
bands) remain the same for now, each new combination of a UAS and sensor will need to
be assessed as to whether training data from previous hardware can be used “as is” or
require some sort of transformation.
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5. Conclusions

Relative to calendar days as the timescale, the use of photothermal units can improve
the alignment and scaling of UAS data for the purposes of multi-timepoint modelling and
the subsequent prediction of oat traits. This approach also allowed for the combination of
spring and winter-sown oat training sets. For the like-for-like comparison of different oat
plot trials in different years, sensor data at common sampling points can be interpolated,
negating the need for UAS flights to happen at exact developmental or temporal points
for every trial. Caveats are principally that UAS flights must be sufficiently regular and
close together for valid interpolations, and that the plants do not experience major stresses
that cause physical and spectral noise or significant deviations from the “normal” profile
of spectral changes over time. The resulting models from this study will be taken forward
and incorporated into the oat breeding pipeline where, with new data for current and
future growing seasons and additional trial locations, the efficacy of the models can be
critically assed, and retrained and improved where necessary.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/agronomy15071583/s1, Figure S1; Mean R? values for inter-
polated sensor values vs. real sensor values from the leave-one-out validation exercise. Shows R? vs.
the developmental time of the crop (as measured by the five different timescales under test), and vs.
the total gap between neighbouring measurements. Line-of-best-fit is given in blue from LOESS
regressions along with the 95% confidence intervals in light grey. Figure S2; Comparison heatmap
of pre-processing methods for regression analysis by their resultant means of the R? and RMSE val-
ues when normalised for each outcome variable. Figure S3; Rank heatmap of resultant regression
models from each pre-processing method combination for each outcome variable. Figure S4;
Heatmap showing the pre-processing method that yielded the highest rank regression model for
each outcome variable, and that models’ associated metrics. Figure S5; Comparison heatmap of pre-
processing methods for classification analysis by their resultant means of the accuracy and FPR val-
ues when normalised for each outcome variable. Figure S6; Rank heatmap of resultant classification
models from each pre-processing method combination for each outcome variable. Where no rank is
given, the corresponding model produced did not pass significance (p <0.05) for producing accuracy
better than the no-information rate (NIR). Figure S7; Heatmap showing the pre-processing method
that yielded the highest rank classification model for each outcome variable and that models” asso-

ciated metrics.
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