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Highlights

What are the main findings?

e  UAV-based temporal multispectral and structural traits (NDVI, NDRE, canopy cover,
height, and volume) revealed strong differences among oat cultivars in early canopy
development and weed-competitive ability.

e  Machine-learning models (RF, GBM, PLS) showed that early-season traits—particularly
ground cover and NDRE at 3 WAP—accurately predicted the grain yield in both weed-
free and weedy conditions.

What are the implications of the main findings?

e  Early canopy traits measured in weed-free conditions can reliably predict cultivar
performance under weed pressure, reducing the need for labor-intensive weed trials.

e The combined UAV + ML framework provides a scalable approach for breeding
programs to identify high-yielding, competitive oat cultivars suited to environments
with increasing herbicide-resistant weeds.

Abstract

Understanding how oat (Avena sativa L.) cultivars differ in canopy development and com-
petitive ability is essential for improving yield stability under increasing weed pressure.
This study used unmanned aerial vehicle (UAV)-based multispectral imaging to char-
acterize the temporal spectral and structural traits of sixteen oat cultivars grown under
weed-free and weedy conditions across two locations for two years. Weedy conditions
involved natural weed populations and pseudo-weeds where canola (Brassica napus) seeded
as a weed. Weekly drone imaging was carried out using a multispectral sensor, which
provided vegetation indices (NDVI, NDRE, ExG) and canopy metrics (ground cover, height,
volume). Logistic and Gompertz models were fitted to cultivar traits to describe growth
trajectories and obtain dynamic growth parameters. Cultivars showed clear differences in
early canopy expansion, maximum NDVI, and canopy volume, with forage types express-
ing aggressive growth and several grain types combining high early growth rate with high
yield potential. Machine-learning models integrating static and dynamic UAV-derived
plant traits identified early ground cover and NDRE at three weeks after planting as the
strongest predictors of grain yield. Models accurately predicted both weed-free (MAE = 262,
R? =0.90) and weedy yield (MAE = 258, R? =0.90), demonstrating that early-season UAV
traits capture the physiological and structural characteristics associated with competitive
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ability and grain yield. These findings show that high-throughput UAV phenotyping can
reliably identify traits linked to yield formation and weed tolerance, providing a scalable
approach for selecting competitive oat cultivars without relying solely on labor-intensive
weedy field trials.

Keywords: UAV phenotyping; multispectral imaging; temporal canopy dynamics; weed
competition; machine learning

1. Introduction

The rapid development of herbicide resistance among weeds and the increasing
pressure to reduce reliance on chemical weed control have renewed interest in crop compet-
itiveness as a fundamental approach in integrated weed management globally. Integrated
weed management is increasingly emphasizing non-chemical tools, such as planting den-
sity, narrow rows, early seeding, and competitive cultivars [1,2]. Competitive cultivars
are particularly attractive because they can enhance weed suppression and reduce yield
losses without requiring additional field operations or specialized equipment. Research has
shown 10-45% yield variation among cereal cultivars under weed competition [3,4]. Crop
competitiveness involves both suppression and tolerance to weeds [5], though tolerance
is often inconsistent due to environmental effects [6,7]. Traits such as LAI, plant height,
and early vigor have been identified as key contributors to crop competitiveness [8-10].
Early vigor, linked to crop establishment and above-ground development, is particularly
important but difficult to assess in conventional breeding. A major limitation in breed-
ing and agronomy research is that crop competitiveness has often been inferred from a
small number of manual measurements. Traits such as plant height, early vigor, leaf area
development, tillering, and canopy architecture are relevant to crop-weed competition
and typically measured at a single crop growth stage. However, crop-weed interference
is strongly influenced by the timing of early canopy development and light interception,
especially during crop stages that coincide with the critical period for weed control [11].
As a result, single-time-point or crop-stage trait measurements may fail to identify the key
traits important for crop CA and advanced breeding programs.

High-throughput phenotyping has substantially improved the capacity to characterize
crop growth, but ground-based systems are often constrained by labor, scale, and through-
put [12]. Advances in UAV-based remote sensing systems offer an effective alternative
because it enables repeated, non-destructive measurements across many plots with high
spatial and temporal resolution [13]. UAV-based remote sensing can obtain diverse pheno-
typic traits depending on the type of sensors used. Some common sensors include RGB,
multispectral, hyperspectral, and thermal. These can provide both spectral traits and struc-
tural traits related to crop growth and development. Commonly measured traits include
plant height, LAI, canopy cover, biomass, senescence rate, and vegetation indices [14-16].
Among the spectral traits, NDVI is widely used to monitor plant health (including stay
green and senescence), crop phenology, stress response, and nitrogen status [17-21]. NDVI
has also been found to correlate with biomass in many crops and thus with yields [22,23].
However, vegetation indices may respond differently to crop stress depending on growth
stage and spatial variability in conditions [24]. This limitation can be overcome by collecting
data sequentially across growth stages. This repeated sensing capability is especially valu-
able for crop competitiveness research, where the most informative traits are often those
that describe how quickly a canopy develops rather than only its final size or condition.
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Among the remotely sensed structural traits, crop canopy cover is particularly relevant
to crop—weed competition. Canopy cover integrates several biological processes that
contribute to competitive ability, including stand establishment, leaf area expansion, plant
spatial arrangement, tillering, and early vigor [9,10,25,26]. From a weed management
perspective, rapid canopy development is important because it enhances light interception
and reduces resources to the weeds. CC helps identify temporal and genetic differences
in early vigor and senescence [20,27,28] and has been widely used to estimate biomass,
LAl and crop growth traits [22,29-32]. Cover trajectories captured by UAVs represent
light interception dynamics, with early canopy closure and higher growth rates reflecting
competitive potential [33]. Fractional vegetation cover derived from RGB imagery correlates
remarkably with LAI (R? = 0.99) and above-ground biomass (R? = 0.93), providing non-
destructive proxies for weed suppression potential [34]. Beyond its importance, this trait is
often less studied because quantifying it in large breeding experiments is difficult. CC can
be estimated from RGB sensors (excess green index) or multispectral imagery (NDVI) by
segmenting green plants from the soil background [35-38]. At the same time, crop height
is a highly used crop trait to understand crop CA due to its ease of assessment [3]. Taller
canopies and faster vertical development can improve light capture and contribute to weed
suppression. However, crop height measurement has been carried out at crop maturity
and may not be relevant to cop competitiveness during the critical crop-weed competition
period. Thus, the temporal assessment of crop height may provide better insights into
crop CA. Traits linked to early canopy closure, height development, and temporal canopy
persistence are likely to be informative for yield prediction in weedy environments.

The combination of UAV-derived spectral and structural data with machine learning
approaches has further expanded the capabilities of high-throughput phenotyping. Ma-
chine learning with ensemble models has been applied to improve yield prediction using
diverse sets of remote sensing traits. The application of machine learning to cereal yield pre-
diction has demonstrated substantial improvements over traditional regression modeling.
Evaluation of multiple machine learning algorithms at vegetative (V6) and reproductive
(R5) growth stages showed that treatment-specific model selection improved the prediction
accuracy, with support vector regression (SVR) achieving R? = 0.84 (RMSE = 0.69 Mg /ha)
at V6 [39]. Ref. [40] evaluated spectral, structural, and textural features from UAV mul-
tispectral imagery across six oat genotypes, two seeding rates, and two locations over
multiple growth stages. They compared partial least squares regression (PLSR), support
vector regression (SVR), and random forest regression (RFR) for above-ground biomass
estimation, with RFR achieving the best performance at R? = 0.926. These cereal yield pre-
diction studies collectively demonstrate that machine learning, particularly deep learning
and ensemble methods, can extract complex, non-linear relationships between remotely
sensed traits and agronomic performance that may not be apparent through conventional
statistical approaches. Furthermore, many studies have used a combination of Rs traits
and ML in crop breeding to achieve high yields; we have not come across any studies that
integrated these technologies to select cultivars for competitive ability against weeds.

Therefore, this study aims to investigate the differences in crop tolerance to weed
competition among commercially available oat cultivars in Western Canada and identify
traits associated with CA integrating UAV-based RS and machine learning modeling. Initial
work has shown variability in oat genotypes for competitive ability [41], but most studies
used diverse breeding lines rather than commercially grown types. This study focused
on commercially grown oat cultivars, aiming to (1) determine their variation in spectral
and structural traits identified using UAV sensors, (2) identify traits that best predict yield
under both weed-free and weedy conditions, and (3) evaluate the importance of temporal
features of plant growth traits in selecting competitive cultivars.
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2. Materials and Methods
2.1. Field Experiments

Three field experiments were conducted in two locations in Saskatchewan: The Kernen
Crop Research Farm (KCRF) (52°9'N and 106°32'W) near Saskatoon in 2021 and 2022, and
at Goodale Research Farm (GRF) (52°03'N and 106°29'W) in 2022 near Saskatoon. The
KCREF is located on Dark Brown Chernozemic, clay-textured soil; the GRF site was located
on Dark Brown fine sandy loam soil. The experimental design was a randomized split-
block with four replications per treatment. There were sixteen (seventeen in 2021) different
oat cultivars that made up the treatments. The split-block factor was weed competition
(weedy vs. weed-free), with one block kept weed-free and the other weedy, with naturally
occurring weeds and a surrogate weed in which canola (Brassica napus L.) was seeded to
augment weed competition. Oat cultivars were randomly allocated to each split block.
Cultivars included Camden, AC Morgan, Summit, Souris, CDC Ruffian, AC Mustang, CDC
Dancer, CDC Nasser, CDC SO-1, CDC Baler, CDC Haymaker, ORE3542M, CDC Morrison,
CDC Arborg, CDC Endure, AAC Oravena, and AAC Kongsore (Figure 1). AAC and AC
refer to varieties developed by Agriculture Agri-Food Canada, and CDC refers to varieties
developed by the Crop Development Center at the University of Saskatchewan, Saskatoon,
Canada. The organically bred cultivars were included to assess whether they differed
in their response to competitors compared with conventionally bred cultivars. Cultivars
were selected for their pedigree diversity and to provide variation in traits that could be
important for competitive ability. Also, these varieties represent different end-use classes
(Table 1).

Oat cultivars were planted in 2 X 12-m main plots, with subplots being 2 x 6-m in
size. Soil test recommendations were used to determine fertilizer rates at seeding to achieve
an oat yield of 6700 kg/ha. Sites were seeded with a small plot seeder equipped with
ConservaPak openers with a row spacing of 25 cm. Oats were planted at a depth of 2 cm
at a targeted plant density of 300 plants/m?. The sub-block factor was weed competition
(weedy and weed-free), with one block kept weed-free and the other weedy, with naturally
occurring weeds and a surrogate weed in which canola (Brassica napus L.) was seeded to
augment weed competition. Volunteer canola was sown perpendicular to the oats at the
time of seeding. The target density for surrogate weed species was 25 plants/m?. Uniform
weed density was maintained by hand-weeding the weedy block 1-2 times throughout the
season. Weeds were removed in weed-free plots by hand.

Figure 1. Experimental site view and plot overview from the drone orthomosaic at Kernen 2021.
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Table 1. Oat cultivars, their market class, plant height, and test weight from the Alberta Seed Guide
(2022) and Saskatchewan Seed Guide (2022).

Cultivar Market Class Height (cm) Test Weight (g/0.5 L)
CS Camden Milling 94 242

CDC Arborg Milling 108 250

AC Morgan Milling 101 236
Summit Milling 94 256

Souris Milling 98 253

CDC Ruffian Milling 97 40

CDC Dancer Milling 103 253

CDC Endure Milling 102 245

CDC Morrison Milling 95 248

AC Mustang Milling /Feed 120 43 (Ib/bu)
CDC SO-1 Feed/forage 103 45.9 (kg/hl)
CDC Baler Forage 110 43

CDC Haymaker Forage 111 225

CDC Nasser Feed Oat 106 233
ORE3542M Organic Milling 93 247

AAC Kongsore Organic Milling 114 57.8 (kg/hl)
AAC Oravena Organic 118 57(kg/hl)

Ib—pound, bu—bushel, hl—hectoliter.

2.2. Data Collection
2.2.1. Drone Data Collection

The entire drone data collection and data processing workflow is depicted in Figure 2.
Weekly aerial data were collected using a Micasense RedEdge multispectral camera
(MicaSense Inc., Seattle, WA, USA) mounted on a DJI M600 hexacopter UAV (SZ DJI
Technology Co., Shenzhen, China). The camera consists of a 3.2-megapixel resolution
and a focal length of 5.5 mm. The multispectral camera provides five-band images in red
(668 nm), green (560 nm), blue (475 nm), red-edge (717 nm), and near-infrared (840 nm).
The spectral ranges covered by these bands were 545-555 nm, 640-660 nm, 710-720 nm,
and 840-860 nm, respectively. The UAV was programmed to follow a preset flight path
autonomously at a ground speed of 3 m/s, with 70% frontal and 75% side image overlap,
and images were captured at 20 m above ground level (AGL). All images were captured in
NADIR view. Reflectance calibrations were carried out before and after flight using the
Micasense calibration panel. All images were orthomosaiced using pix 4 Pix4D Mapper
software version 4.7.5 (Figure 1). PiX4 D standard parameters were used with ground
control points and calibration panels for orthomosaicing. Individual plot segmentation
and data extraction were carried out using an automated workflow in Plot Vision software
(developed by the University of Saskatchewan, Saskatoon, SK, Canada). The vegetation
mask was automatically calculated and applied using both NDVI or the Excess green index
(EXG) to separate the background soil from the vegetation. Both NDVI and EXG were used
for the segmentation, and canopy traits such as ground cover and volume were extracted
separately from both of these segmentations. Several vegetation indices were calculated
using the individual five bands, such as NDVI and NDRE EXG, for each week’s flight
images. In addition to spectral information, structural information was extracted from
drone images. The structural features of the crop canopy, such as height and volume, were
obtained using the point cloud digital terrain model (DTM) and digital surface model
(DSM). The digital surface model was obtained from the standard procedure of the Pix4D
mapper software. The DTM was obtained from point cloud classification using Pix4D
mapper tools.
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PHASE |: DATA ACQUISITION

FLIGHT OPERATIONS
Weekly UAV Flights (3-8 WAF)
Platform: DJI ME00 Hexacopter
Sensor: MicaSense RedEdge (Blue, Green, Red, Red-Edge, NIR)

v
PHASE II: IMAGE PROCESSING

PRE-PROCESSING
Orthomosaic + DSM + DEM Generation
Software: Pix4D Mapper

l

PLOT SEGMENTATION & VEGETATION MASKING
ftware: PlotVision
Vegetation mask using NDVI and ExG

[
UAV-DERIVED SPECTRAL FEATURES UAV-DERIVED STRUCTURAL FEATURES

NDVI, NDRE, ExG Canopy Height (DSM-DEM)
Ground Cover Fraction Canopy Volume

i
TEMPORAL GROWTH MODELLING
Logistic & Gompertz Models
Dynamic Parameters (b, d, e)
oftware: R

DATASET INTEGRATION
Static UAV Traits + Dynamic Growth Parameters
Yield Ground Truth Data

v

MACHINE LEARNING MODELLING
Algorithms: Random Forest, GBM, PLS, ANN
Training/Test Split: 70/30
Software: R - Caret Package

MODEL VALIDATION
K-fold Cross-Validation
Metrics: RMSE, MAE, R?

YIELD PREDICTION & TRAIT IMPORTANCE ANALYSIS
Weed-Free vs Weedy Yield
Variable Importance (VIP)
Partial Dependence Interpretation

Figure 2. Workflow of UAV-based multispectral data acquisition, processing, and machine-learning-
driven yield prediction.

2.2.2. Crop Ground Cover (CGC)

The crop canopy area was calculated by first computing a vegetation segmentation
of the plot image, separating it into vegetation and non-vegetation pixels. Then, the
vegetation area, n square meters, was obtained from geographic positioning system (GPS)

information [42].
CGC=V/Nx A

where V is the number of vegetation pixels in the plot image, N is the number of pixels in
the plot image, and A is the area of the plot as calculated from UTM coordinates.

2.2.3. Canopy Height (CH)

Canopy height was calculated by segmenting vegetation in each plot using NDVI,
EXG, or both. The elevation values for crop and ground pixels were obtained by subtracting
the digital elevation model from the digital surface model. The aggregate heights were
obtained using the following formula [42].

CH = f(H) — £(G)
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where f is the vegetation segmentation function; H is the elevations of each pixel in the
plot; G is the elevations of the ground level in the plot.

2.2.4. Canopy Volume

Canopy volume was obtained from each plot by multiplying the mean crop pixel area
by the mean crop height of each plot. The volume is in cubic meters [42].

CV=CH x CGC

2.2.5. Ground Data Collection

Plots were harvested using a 1.6 m wide small plot combine at maturity (Zadoks 9.0).
Harvested grain samples were air-dried to a constant moisture content (2—4 days). Each
harvested grain sample was cleaned using a dockage tester, the Carterday XT3 (CEA-Carter
Day Company, Minneapolis, MN, USA), which separated weed seeds from the crop to help
determine dockage. Clean samples were weighed to obtain a plot yield. Sample moisture
was measured with an Agrotronix MT-Pro (Agratronix Corporate, Streetsboro, OH, USA),
and yield was adjusted to 12% moisture content.

2.3. Data Analysis
2.3.1. Dynamic Growth Modeling

Spectral and structural features extracted from weekly drone flights across three lo-
cations were utilized to fit non-linear regression models to describe temporal growth,
enabling the derivation of dynamic growth parameters (Figure 2). Non-linear models,
including three-parameter and four-parameter Gompertz, logistic, and log-logistic models,
were evaluated for each trait. These models provide biologically interpretable parameters
critical for understanding plant growth dynamics. The three three-parameter models yield
an asymptote (d), representing the maximum growth approached and, in this case, indi-
cating the maximum reflectance or structural features for each genotype. The b parameter
reflects the growth rate, the speed at which the curve transitions from the initial value to the
asymptote, capturing the rate of growth. The inflection point (¢) denotes the time or growth
stage at which the growth rate is highest, highlighting the critical time of rapid change. The
four-parameter models extend this by including the lower limit (c), which represents the
initial baseline value of the response variables. The best-fitting model for each scenario
was selected based on the AIC. Initial model fitting focused on genotypes showing the
highest variation in crop yields, representing low, medium, and high yields, as comparing
17 genotypes was computationally intensive and difficult to interpret. This analysis aimed
to explore variation among genotypes in their spectral and structural features, with varying
yield potential. Genotypes with high, moderate, and low yields were selected for this
analysis (AAC Kongsore, AC Morgan, Camden, CDC Arborg, CDC Baler, CDC Dancer,
CDC Haymaker, CDC Morrison, CDC Nasser, CDC Ruffian, and ORE3542M). Parallel to
the above approach, non-linear models were fitted to each genotype and to each replicate
within a site year (non-linear models were fitted to each plot) to obtain parameter estimates
for subsequent machine learning model fitting.

2.3.2. Machine Learning Modeling

A machine learning modeling approach was used to identify the spectral and struc-
tural variables associated with crop yield under weedy and weed-free conditions (Figure 2).
The parameter estimates derived for each genotype from the non-linear models, and the
original reflectance and structural features obtained for each genotype on each weekly
flight were combined to create a single dataset (static data and dynamic data) as predictors
(70 variables) and ground truth data for grain yield (weed-free and weedy as response
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variables. The total dataset consisted of 16 genotypes x four replicates x three site years
(192 rows) and 70 columns (70 RS variables). The same weed-free RS trait dataset previously
described was used to predict both the weedy and weed-free yields using several ML mod-
els. The objective of this approach was to determine the most important RS traits that are
associated with weed-free and weedy yields. Four machine learning algorithms, i.e., ran-
dom forest (RF), partial least squares regression (PLS), gradient boosted machines (GBM),
and artificial neural networks (ANN), were fitted to the data, and their performances were
compared. These models were chosen to represent complementary modeling strategies
that we think are appropriate for our small dataset, which consisted of tabular RS-derived
predictors with high collinearity. Specifically, PLS was included as a parsimonious linear
baseline model that is appropriate for high-dimensional correlated predictors. RF and GBM
were included as tree-based ensemble methods capable of capturing non-linear relation-
ships and complex interactions and ANN was included as a flexible non-linear learner to
evaluate whether a neural-network approach offered additional predictive benefit. Random
forest models are widely used ML models and are ensemble learning algorithms that con-
struct multiple decision trees during training and aggregate their predictions to improve
accuracy and robustness [43,44]. Also, the multiple-solution approaches reduce variance
and mitigate the risk of overfitting. Due to the use of a subset of features and data samples
per tree, it is highly effective at handling large datasets with complex interactions. PLS is
a linear regression technique that reduces predictors to a small set of uncorrelated compo-
nents, thereby optimizing the relationship between independent and dependent variables
based on principal component analysis [45]. This method is effective for high-dimensional,
collinear datasets where traditional regression methods are insufficient. PLS is widely used
in chemometrics, genomics, and agronomy [45,46]. GBM is another ensemble learning
technique that sequentially combines weak learners to minimize prediction error [47]. It is
a flexible algorithm in handling different loss functions and feature interactions, making it
suitable for structured data analysis. Artificial neural networks mimic the structure and
function of biological neurons to capture complex, non-linear relationships in data [48].
The ANN predicts the outcome by adjusting neuron weights and thresholds using the back-
propagation technique [49]. All models were fitted using the “Caret” package in R (version
3.8, R Development Core Team 2024). The dataset was split into training and test sets at
70:30 to ensure robust model development and evaluation. To preserve the hierarchical
structure of the data (site-year and replicate), stratified partitioning was performed using
the rsample package in R software. This approach ensures the distribution of data across
hierarchical factors, site-year and replicate, in similar proportions for both the training and
testing datasets, which enhances the generalization and reliability of the model predictions.

Hyperparameter tuning is a critical step in developing robust ML models, as it allows
each algorithm to be tailored to the data’s structure. For the random forest (RF) models,
we tuned the number of predictors randomly sampled at each split (mtry), which directly
influences tree diversity and helps balance overfitting and underfitting [50]. In the partial
least squares (PLS) model, we optimized the number of components using the tuneLength
argument, selecting the smallest number of components that captured sufficient variance
without unnecessarily increasing model complexity [51]. For the gradient boosting ma-
chine (GBM) model, we tuned the three key parameters: the number of boosting iterations
(n.trees), the maximum tree depth (interaction depth), and the learning rate (shrinkage),
following the principles outlined by Friedman [47]. For the neural network model, we
used a grid search (expand.grid) to systematically explore combinations of hyperparame-
ters, including the weight decay parameter, which regularizes the network and improves
generalization. Across all algorithms, this structure-tuning procedure was designed to
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identify hyperparameter settings that achieve strong predictive accuracy while preserving
the model’s ability to generalize beyond the training data.

2.3.3. Cross-Validation

We evaluated model performance and tuned hyperparameters specific to each model
using K-fold cross-validation (K-fold CV) to assess predictive accuracy while limiting
overfitting. The full training dataset was partitioned into K roughly equal subsets (folds).
For each CV iteration, one-fold was held out as the validation set, and the remaining folds
were used for model training, cycling through all folds so that each observation contributed
once to validation. Wherever possible, the hierarchical structure of the data was retained in
the way folds were defined (e.g., grouping by higher-level experimental units), following
the recommendations of Roberts, et al. [52]. This strategy helps maintain the integrity of
the experimental design and reduces the risk of data leakage across folds [52].

For each model, cross-validation produced an error estimate at each iteration, which
was then summarized to identify the tuning configuration with the lowest average predic-
tion error. Model performance was quantified using two widely adopted metrics: root mean
squared error (RMSE) and mean absolute error (MAE). RMSE is calculated as the square
root of the mean squared difference between observed and predicted values, making it
particularly sensitive to large errors and helpful in identifying models that avoid occasional
large mispredictions. MAE, in contrast, averages the absolute differences between the
observed and predicted values and therefore provides a more intuitive measure of typical
prediction error without giving extra weight to outliers. To interpret the fitted models, we
quantified each predictor’s contribution using the varImp function from the caret package.
This procedure ranks variables according to their influence on the response, providing
a relative importance score that highlights which RS-derived traits were most informative
for predicting the target outcome.

To explore how the most important predictors (identified via VIP) influenced the
response, we used partial dependence plots (PDPs). PDPs show the marginal effect of
a single predictor on the response, averaging over the distributions of all other variables
in the model. In doing so, they help unpack the “black box” nature of machine learning
models by revealing how changes in each trait are associated with changes in the predicted
outcome. This is particularly useful for ML models, where relationships are often non-
linear and involve complex, non-additive interactions among predictors. By visualizing
these relationships, PDPs allowed us to examine whether highly ranked VIP variables
had biologically meaningful effects and to identify potential thresholds, plateaus, or other
patterns in the response surface [53].

3. Results
3.1. Variability in Grain Yield

Across the three site-years (Kernen 2021, Kernen 2022, and Goodale 2022), oat geno-
types showed clear differences in yield performance under weedy versus weed-free con-
ditions (Figure 3). As expected, most varieties yielded more in the absence of weed
competition. A small group of cultivars, such as CDC Morrison, CDC Ruffian, and CDC
Dancer, consistently yielded well in both management conditions, especially at the Kernen
sites. This pattern suggests that these varieties combine strong inherent yield potential with
good competitive ability, allowing them to maintain yield even when weeds are present
(Figure 3). In this study, the competitiveness of crop varieties was assessed based on the
ability to produce high yields under weed competition (weed tolerance). In contrast, AAC
Kongsore, Camden, and ORE3542M tended to have lower yields across all locations and
management conditions, suggesting limited yield capacity and weaker competitive traits
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(Figure 2). Some varieties changed their relative ranking depending on weed pressure. For
example, CDC Endure and CDC Haymaker were high-yielding in weed-free conditions
but experienced greater yield losses under weed interference. In contrast, varieties such
as Summit and Souris, which produced only moderate yields in weed-free environments,
maintained relatively stable yields when weeds were present. Although their maximum
yield potential was not among the highest, their ability to sustain yields under competition
suggests that these varieties are useful under weedy conditions.
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Figure 3. Weed-free and weedy yield of the cultivars at (A) Kernen 2021, (B) Kernen 2022, and
(C) Goodale 2022. Means were compared within groups (weed-free and weedy), and similar letters
indicate no significant differences at p = 0.05.

3.2. Oat Variety Response over Time

Oat variety responses over time were evaluated by modeling growth using non-linear
models. Non-linear growth models were fitted to all spectral and structural parameters
obtained from drone imagery. However, only the key traits (NDVI, ground cover, and
canopy height) will be discussed here to understand genotype variability. All growth
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parameters obtained from non-linear model fitting for individual RS traits were used to
predict subsequent yield.

3.2.1. Spectral Dynamics (NDVI)

To assess genotype-specific differences in vegetative vigor and canopy greenness across
site-years, we analyzed the temporal dynamics of the normalized difference vegetation
index (NDVI) using sigmoidal growth curve models. A three-parameter logistic model was
applied to Kernen 2021 and Goodale 2022, while a four-parameter Gompertz model was
used for Kernen 2022. Key parameters included the slope (b), indicating the rate of NDVI
increase; the initial NDVI (c) for the Gompertz model; the maximum NDVI (d); and the
inflection point (e), representing the time to reach 50% of maximum NDVL

At Kernen 2021, oat cultivars did not differ significantly in the slope parameter (b),
indicating similar rates of NDVI increase (Table 2). However, significant differences were
observed for the maximum NDVI (d). Forage and feed types of CDC Baler, CDC Haymaker,
and CDC Nasser had the highest peak NDVI, while milling cultivars such as Camden and
AAC Kongsore had the lowest. CDC Arborg also grouped with the high-NDVI cultivars,
whereas most other milling types (AC Morgan, Camden, CDC Morrison, CDC Dancer,
CDC Ruffian, and ORE3542M) were intermediate. Variation in the inflection parameter ()
was limited. CDC Arborg reached 50% of its maximum NDVI earlier than most genotypes,
but overall, mid-season greening timing was similar across lines. These NDVI trends
were reflected in grain yields. CDC Morrison, CDC Ruffian, and CDC Dancer combined
intermediate to high d values with high yields and minimal yield penalties under weed
pressure. In contrast, AAC Kongsore and Camden, with low d and earlier e, had the lowest
yields in both weed-free and weedy plots. Forage types showed the greatest greenness but
only moderate grain yield, consistent with their focus on biomass production.

At Kernen 2022, cultivars did not show any statistical differences for all three growth
parameters (Table 2). However, numerically, the d parameter separated several groups.
CDC Baler, CDC Haymaker, and CDC Nasser achieved numerically higher maximum
NDVI with CDC Arborg and CDC Morrison often not different from them, while AAC
Kongsore and Camden tended to fall into lower d groups. The yield ranking followed
these patterns, where milling cultivars with moderate to high d (CDC Morrison, CDC
Ruffian, CDC Dancer) were among the top yielders in weed-free plots and maintained good
yield under weed pressure, whereas AAC Kongsore and Camden, with the lowest d, again
produced lower yields in both management systems. Forage and feed types expressed the
highest peak NDVI but did not consistently translate that to grain yields.

At Goodale 2022, several milling cultivars and ORE3542M (organic cultivar) increased
the NDVI more rapidly (higher b) than AC Morgan and the forage lines (Table 2). For
the asymptote d, forage/feeding types, CDC Baler, CDC Haymaker, and CDC Nasser
again expressed the highest maximum NDVI, significantly exceeding AAC Kongsore,
which had the lowest plateau, and exceeding several milling cultivars that formed an
intermediate group (AC Morgan, Camden, CDC Arborg, CDC Dancer, CDC Morrison,
CDC Ruffian, ORE3542M). The inflection point e separated two broad sets: Camden,
CDC Arborg, CDC Morrison, and ORE3542M reached 50% of the maximum NDVI earlier
(lower e) than most other cultivars, while AAC Kongsore, AC Morgan, CDC Baler, CDC
Dancer, CDC Haymaker, CDC Nasser, and CDC Ruffian maintained greener canopies
later into the season (higher e). These parameter groupings again showed similarities
with the grain yield rankings, where CDC Morrison and CDC Ruffian, which yielded well
and showed relatively small yield losses under weeds, exhibited moderate to high 4 and
adequate b, whereas AAC Kongsore and ORE3542M, with low d and, in the case of AAC
Kongsore, relatively modest slope, were consistently at the bottom of the yield distribution.
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Forage/feeding cultivars had good canopy development dynamics (high d, later ¢), but
their grain yields remained similar to or only slightly better than those of the stronger
milling genotypes.

Table 2. Non-linear model parameters describing the NDVI dynamics of oat cultivars at Kernen 2021,
Kernen 2022, and Goodale 2022.

Kernen 2021 Kernen 2022 Goodale 2022
Genotype b d e b c d e b d e
AAC Kongsore 1522 0.812b 1.002 0742 0364 0.80 2b 2394 1402 0.77 € 1222
AC Morgan 1.852 0.812b 089 0.902 0362 08124 2362 1.29b 0.79° 1.232
Camden 1642 0802  091%® 0992 0412 0.75¢ 2.182 1482 0.78° 1.05°
CDC Arborg 1.942 0.83 be 0.85P 0.832 0.402 0.802b 2272 1.60 2 0.78° 1.12°
CDC Baler 1922 0.85°¢ 0.88ab 0872 0404 0.85¢ 2464 1.24° 0832 1.232
CDC Dancer 1722 0833c 0893 0962 0372  0.78bde 20723 1452 0.80° 1142
CDC Haymaker  1.742 0.85°¢ 0902 0.732 0.382 0.85 2¢ 2,552 1.17° 0.822 1212
CDC Morrison 1.792 0.812b 0.89 2b 0.754 0364 0.82 2cd 2284 1432 0.78° 1.08 b
CDC Nasser 1.532 0.83 be 0.94 ab 0.76 2 0394 0.83 ac 2484 1.35% 0.822 1.242
CDC Ruffian 1882 o824 og7ab  0.94° 0392  0.78bde 2374 1.382 0.79° 1132
ORE3542M 1772 0813 0873 0892 0412 077b 2147 1492 0.78° 1.09P
Where b represents the rate of NDVI increase, c—the initial NDVI for the Gompertz model, —the maximum
NDVI, and e—the inflection point, representing the time to reach 50% of the maximum NDVI. Means were
compared between genotypes, and similar letters indicate no significant differences at p = 0.05.
3.2.2. Structural Dynamics
Crop Ground Cover Trajectories and Their Relationship with Grain Yield
Sigmoidal models were used to track crop ground cover (CCGC) in weed-free plots,
showing how different genotypes expanded their canopies over time. Like the NDVI, the
model parameters included the rate of increase (b), maximum ground cover (d), time to
reach 50% of the maximum (e), and for Kernen 2022 and Goodale 2022, the initial CCGC (c).
At Kernen 2021, there were no significant differences in any of the three parameters for
ground cover growth (Table 3). Forage and feed types such as CDC Baler, CDC Haymaker,
and CDC Nasser generally reached a higher maximum CCGC, while milling cultivars like
CDC Morrison and CDC Ruffian also had good coverage. AAC Kongsore, Camden, and
ORE3542M did not stand out. At Kernen 2022, early CCGC development was similar across
genotypes, as neither the slope (b) nor initial CCGC (c) differed between cultivars (Table 3).
Table 3. Non-linear model parameters describing the crop ground cover dynamics of oat cultivars at
Kernen 2021, Kernen 2022, and Goodale 2022.
Kernen 2021 Kernen 2022 Goodale 2022
Genotype b d e b c d e b c d e
AAC Kongsore 0.58 2 0.99 2 0.77 2 1.142 0222 0.932b 3.552 1912 0.23b 0422 3.63%
AC Morgan 3282 0997 0352 1.00° 0197 0962 301bc 1393 (025 052 3172
Camden 0932 0.982 0.60 2 1232 0.272 0912  3.4423b 3322 0.302bc 0412 3424
CDC Arborg 1.892 1.002 0.332 1.11° 0252 0922 33523 23ga 0.30 ¢ 0.44 ac 3.884
CDC Baler 1.824 1.004 0342 0.802 0222 1.052 2.80 ¢ 1.094 0.36% 0.63P 3572
CDC Dancer 3114 1002 036 0877 0217 095 302bc 0502 0293 Q573bed 23894
CDC Haymaker  2.11°% 1.002 0.342 0794 0212 1.002> 330 abe 1.182 0364 0.63° 3324
CDC Morrison 1522 0992 0422 0992  023® 0933 3333 2052 0312 0453  345°
CDC Nasser 0802  1.00* 056° 1167 0242 096%® 3423 1332 0322 059bd  330°
CDC Ruffian 2852 1.002 0322 1172 0253 0873 3333c 0563 0283c (553cd 3292
ORE3542M 3.684 0.99 2 0.332 1292 0.282 0.85P 3.352b 2.834 0.32 a¢ 0.45 ac 3444

Where b represents the rate of NDVI increase, c—the initial NDVI for the Gompertz model, d—the maximum
NDVI, and e—the inflection point, representing the time to reach 50% of maximum NDVI. Means were compared
between genotypes, and similar letters indicate no significant differences at p = 0.05.
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The main differences were in the maximum ground cover (d), and to a lesser extent,
the time to reach 50% maximum (e). CDC Baler had a much higher maximum CCGC than
ORE3542M, with the other lines falling in between. This shows that CDC Baler formed
the densest canopy, while ORE3542M had the least ground cover. For the time to reach
50% maximum CCGC, CDC Baler did so earlier than AAC Kongsore, with most milling
cultivars and CDC Nasser in between. Therefore, CDC Baler not only reached the highest
ground cover but did so sooner, while AAC Kongsore had both lower canopy density
and the latest closure. When looking at yield, milling cultivars with strong performance
(CDC Morrison, CDC Ruffian, CDC Dancer) had intermediate to high maximum CGC
and mid-range times to canopy closure. Their canopies closed early and reached good
ground cover, though not as much as the forage types. In contrast, ORE3542M and AAC
Kongsore, which had the lowest yields in both management systems, either had a much
lower maximum CGC (ORE3542M) or took longer to close their canopies (AAC Kongsore).

At Goodale 2022, cultivar differences in CGC were most pronounced in the initial
cover ¢ and maximum cover 4 (Table 3). The rate parameter b and the late-season plateau
timing e did not differ significantly among genotypes. Forage cultivars CDC Baler and CDC
Haymaker had a significantly higher ¢ parameter, significantly exceeding AAC Kongsore
and was higher than AC Morgan and some other milling cultivars, indicating early CGC
establishment of forage types. Similar patterns were observed for the d parameter, where
CDC Baler and CDC Haymaker again occupied the top group numerically, with CDC
Nasser and AC Morgan at intermediate levels, and AAC Kongsore, Camden, CDC Arborg,
CDC Morrison, and ORE3542M in the lower group. Also, CDC Baler and CDC Haymaker
had a statistical difference with the lowest group. Here, no differences were identified
among cultivars for the e parameter. These CGC groupings broadly align with the grain
yield responses at Goodale 2022. CDC Morrison and CDC Ruffian, which still ranked
near the top for grain yield and maintained yield reasonably well under weed pressure,
showed moderate initial and maximum ground cover. In contrast, AAC Kongsore again
combined the lowest early ground cover with among the lowest yields in both weedy and
weed-free conditions, reinforcing the association between poor canopy occupation and low
productivity. Forage and feed cultivars, particularly CDC Baler, CDC Haymaker, and CDC
Nasser, achieved the strongest CGC dynamics, yet their grain yields at Goodale were only
moderate relative to the best milling cultivars, consistent with their breeding emphasis on
biomass rather than grain.

Crop Height
Kernen 2021

No differences were identified in the slope (d) or initial height (c), indicating similar
early crop elongation rates and initial heights among cultivars (Table 4). However, the
maximum height (d) showed differences among cultivars. The tallest group comprised
AAC Kongsore, CDC Baler, and CDC Nasser, while an intermediate group included most
milling cultivars (AC Morgan, Camden, CDC Arborg, CDC Dancer, CDC Haymaker, CDC
Ruffian). The shortest plants were CDC Morrison and ORE3542M. At Kernen 2021, there
were subtle differences for the e parameter, where CDC Nasser showed a later inflection
point compared with all other cultivars. The crop height difference among cultivars does
not necessarily translate into grain yields. The consistently high-yielding milling cultivars
CDC Morrison and CDC Ruffian did not form the tallest group; CDC Ruffian was in
the intermediate height group, and CDC Morrison was in the shortest. Conversely, tall
cultivars such as AAC Kongsore and the forage/feed types (CDC Baler, CDC Nasser) did
not dominate the grain yield ranking, particularly under weed pressure. AAC Kongsore,
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despite belonging to the tallest height group, remained among the lowest yielders in both
weed-free and weedy plots.

Table 4. Non-linear model parameters describing crop height dynamics of oat cultivars at Kernen
2021, Kernen 2022, and Goodale 2022.

Kernen 2021 Kernen 2022 Goodale 2022

Genotypes b c d e b c d e b d e

AAC Kongsore 0873 0072 0.64¢ 3962 136° 0.022 063 4912 1662 039P 4042
AC Morgan 0902 0092 057b 3372 1182 0.012 0.68P 4832 1812 043¢ 4052
Camden 1172 0112  055P 3723 1412 0.022 061 501 2082 037b 3962
CDC Arborg 1182 0.13* 060 383% 1292  0.02® 067P 519P  200° 039P  435P
CDC Baler 0982 011 0.63° 3892 1042 0.002 076> 5032 2492  040b  430P
CDC Dancer 1202 0132 058P 3392 1082 —0.01® 067P 4682 1642 048  4.09°2
CDC Haymaker 0952  0.102  0.62P 3632 1242 0.012 067 508 2482 038P 4142
CDC Morrison 1172 0102 0492 3712  1.44° 0.032 0552 5022 2162 0302 416°
CDC Nasser 0952 0122  0.64° 425P 1262 0.022 063b  512b 1772 041b  453b
CDC Ruffian 1.082 0122 057b 3582 1112 0.012 064> 515b 1412 40P 4282
ORE3542M 1132 0132 0512 3242 1922 0.032 0482 4552 2152  039P 4202

Where b represents the rate of NDVI increase, c—the initial NDVI for the Gompertz model, —the maximum
NDVI, and e—the inflection point, representing the time to reach 50% of maximum NDVI. Means were compared
between genotypes, and similar letters indicate no significant differences at p = 0.05.

Kernen 2022

There were no significant differences identified for b and ¢ parameters at Kernen
2022, again suggesting comparable initial and early elongation across cultivars. Cultivar
difference for height growth dynamics can be identified in the d and e parameters (Table 4).
Cultivars CDC Morrison and ORE3542M formed a significantly shorter group, whereas all
other cultivars, including forage types (CDC Baler, CDC Haymaker), feed (CDC Nasser),
and milling cultivars (Camden, CDC Arborg, AC Morgan, CDC Dancer, CDC Ruffian, AAC
Kongsore) belonged to the taller group with a higher d value. At the same time, Camden,
CDC Arborg, CDC Haymaker, CDC Nasser, and CDC Ruffian had later inflection times,
indicating a slower height development, while AAC Kongsore, AC Morgan, CDC Baler,
CDC Dancer, CDC Morrison, and ORE3542M reached 50% maximum height earlier. In
relating this pattern to grain yield, the high-yielding, competitive milling cultivars CDC
Morrison, CDC Ruffian, and CDC Dancer again did not stand out as the tallest. CDC
Ruffian was in the tall-height group with moderately late e, whereas CDC Morrison was
significantly shorter but still among the best yielders under both weed-free and weedy
conditions. The high-yielding, competitive milling cultivars CDC Morrison, CDC Ruffian,
and CDC Dancer again did not stand out as the tallest. CDC Ruffian was in the tall-
height group with moderately late ¢, whereas CDC Morrison was significantly shorter
but still among the best yielders under both weed-free and weedy conditions. The forage
cultivars, despite showing differences compared with milling cultivars, did not show any
relationships in ranking grain yields.

Goodale 2022

At Goodale, no significant differences were identified in the slope parameter, indicating
similar height accumulation rates among cultivars (Table 4). However, both maximum
height d and inflection time e showed meaningful separation. For d, AC Morgan formed
the tallest group, while CDC Morrison represented the shortest group; all other cultivars,
including CDC Baler, CDC Haymaker, CDC Nasser, CDC Ruffian, ORE3542M, and AAC
Kongsore, occupied an intermediate height group. For e, CDC Arborg, CDC Baler, and CDC
Nasser had significantly later inflection points than most other cultivars, implying more
prolonged stem elongation and a later plateau in height. The rest, including high-yield
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milling cultivars (CDC Morrison, CDC Ruffian, CDC Dancer) and organic lines (AAC
Kongsore, ORE3542M), reached their height plateau earlier. As with other site years in
Goodale, the height patterns only partly mirrored the grain yield rankings. CDC Morrison
and CDC Ruffian were among the better milling cultivars for yield (both under weedy
and weed-free treatments). However, CDC Morrison was in the shortest height group,
and CDC Ruffian was in the intermediate group. In comparison, taller or later-growing
cultivars such as AC Morgan, CDC Baler, and CDC Nasser did not consistently top the
yield ranking. This suggests that in this environment, as in the Kernen site-years, moderate
or even shorter height can still support strong yield and competitive performance when
combined with favorable canopy greenness and ground cover.

3.2.3. Summary of Growth Dynamics

Across the three site-years, NDVI, ground cover, and crop height each described
different but related aspects of oat canopy performance and showed some relationships to
grain yield and weed tolerance. Milling cultivars like CDC Morrison, CDC Ruffian, and
CDC Dancer, which consistently produced good yields and had smaller yield losses under
weed pressure, showed moderate to high NDVI plateaus (maximum NDVI). In contrast,
organic milling lines such as AAC Kongsore and ORE3542M had low NDVI and were low-
yielding in both weed-free and weedy plots. Forage and feed types had the highest NDVI
but did not always produce the highest grain yields. Forage and feed cultivars covered
the ground earliest and most completely, while low-performing organic milling lines were
sparse or slow to close. High-yield milling cultivars were never in the lowest ground cover
groups, suggesting that at least moderate and timely cover is important for keeping yields
up when weeds are present. Crop height mostly separated forage and feed types from
milling types and identified very tall or short cultivars, but was less closely linked to grain
yield. Overall, cultivars that combined moderate height with moderate-high NDVI and
sufficient, timely ground cover consistently gave high yields in weed-free plots and kept
yields under weed competition. However, these relationships are purely descriptive and
based on their yield and RS trait rankings. To further understand their relationship, the
results from ML modeling are discussed in the next section.

3.3. Predicting Yield Using Remotely Sensed Traits
3.3.1. Weed-Free Yield

The association between RS traits across genotypes and grain yields under weed-
free and weedy conditions was explored using machine learning models. Both static and
dynamic RS traits were used to predict grain yields and identify the best RS traits associated
with crop yields under both weed-free and weedy conditions. All models performed well
on the training set, with MAE (262-330 kg ha~!), RMSE (353447 kg ha~!), and R? (0.8-0.9)
(Table 5). The best model was selected based on the best average performance on the
cross-validation from the training set. Thus, the RF model was selected from all models,
with an MAE of 262 kg ha~!, RMSE of 353 kg ha™!, and an R? of 0.90. The predicted
vs. observed values further illustrate a good model fit for RF (Figure 4A). The variables
important for predicting weed-free yield are depicted in Figure 3B. Accordingly, the crop
ground cover estimated based on the NDVI (CANDVI_3WAP-Crop area based on NDVI) at
3 weeks after planting was found to be the most critical RS variable for predicting weed-free
yield, followed by green NDVI at 4 WAP (GNDVI_4WAP), crop ground cover fraction at
3 WAP estimated from excess green index (CAFEXG_3WAP), and NDRE and 3 WAP. Even
though these variables were given high importance values, their direct relationship with
weed-free yield could be identified only with partial dependency plots. Based on PDP, the
top four variables that had a clear positive relationship were crop ground cover at 3 weeks,
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time to reach 50% NDRE, green NDVI at 3 WAP, and crop maximum height at maturity
(Figure 5A-D). At BWAP, crop area represents early ground cover, and at low crop ground
covet, yield responses were low. A sharp rise in response was observed at 0.7-10 ground
cover percentage units, followed by a plateau.

Table 5. Performance of machine learning models for predicting weed-free and weedy grain yield
using UAV-derived spectral and structural traits (RF—random forest; PLS—partial least squares;
GBM—gradient boosted machine; ANN—artificial neural network).

Weed-Free Yield Weedy Yield
Model MAE RMSE R? MAE RMSE R?
RF 262.30 353.43 0.90 258.66 340.89 0.90
PLS 267.60 374.46 0.89 291.21 365.03 0.87
GBM 273.45 363.95 0.90 243.33 330.37 0.90
ANN 330.17 447.59 0.82 339.81 452.74 0.80
MAE—mean absolute error, RMSE—root mean squared error.
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Figure 4. Random forest model outcome from the test dataset. (A) Predicted vs. observed plot.
(B) Variable importance plot (VIP) from the Kernen 2022, Kernen 2022, and Goodale 2022 data for

weed-free yield (WFYLD).
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Figure 5. Partial dependence plots (PDPs) from the random-forest model predicting weed-free yield
from (A) crop ground cover at 3 WAP, (B) time to reach 50% NDRE, (C) green NDVI at 3 WAP, and
(D) crop maximum height. Each panel shows the marginal effect of a single predictor on predicted
yield while all other variables are held at their observed distributions.
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A similar pattern was observed with the other three variables: at lower values, there
were no responses in yield, but at higher values, a sharp reaction could be observed,
followed by a plateau. Overall, the random forest model predicted weed-free yield on
the test dataset with an MAE of 263.63 Kg ha~! and an R2 of 0.85, further indicating the
accuracy of the model fit. The random forest model provided good predictions on the test
set (Figure 3A).

3.3.2. Weedy Yield

Among the competing models for predicting weedy-yield from RS traits measured
under weed-free conditions, the gradient-boosted machine learning algorithm was found
to be the best model based on the training data, with an MAE of 230 kg ha—!, RMSE of
343 kg ha~!, and R? of 0.90 (Table 5). The predicted vs. observed values further illustrate
a good model fit for GBM (Figure 6A). The variables that were most important for predicting
weedy yield are depicted in Figure 6B. Among the top 15 variables, crop ground cover
at 3 WAP based on NDVI-based segmentation (CANDVI_3WAP), green NDVI at 4 WAP,
and crop area fraction based on excess green segmentation at 3 WAP (CAFEXG_3WAP)
were found to be the top-most important variables. However, the PDP plots (Figure 7)
indicated that the variables crop ground cover at 3 WAP, crop NDRE at 3 WAP, maximum
crop ground cover %, and crop height at 8 WAP had the clearest positive relationships
with weedy yield. The variable green NDVI, although ranked highest by VIP, did not show
a clear positive relationship, suggesting that it interacts with other variables in predicting
weedy yield. Overall, the GBM model predicted weedy yield in the test dataset with
an MAE of 234 Kg ha~! and an R? of 0.87, indicating good model performance.
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Figure 6. Gradient boosted machine (GBM) model outcome from the test dataset. (A) Predicted vs.
observed plot. (B) Variable importance plot (VIP) from the Kernen 2021, Kernen 2022, and Goodale
2022 data for weedy yield (WYLD).
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Figure 7. Partial dependence plots (PDPs) from the GBM model predicting weedy yield from (A) crop
ground cover at 3 WAP, (B) crop NDRE at 3 WAP, (C) maximum crop ground cover %, and (D) crop
height at 8 WAP. Each panel shows the marginal effect of a single predictor on predicted yield while
all other variables are held at their observed distributions.

4. Discussion
4.1. Crop Traits and Their Relationship with Yield and Tolerance to Weed Competition

This study revealed that across different environments, the contrasting yield responses
of oat cultivars under weedy and weed-free conditions closely matched their spectral and
structural growth patterns. The remote sensing approach with non-linear growth modeling
of traits revealed this relationship. High-yielding grain cultivars like CDC Morrison,
CDC Ruffian, and CDC Dancer consistently showed rapid early canopy development,
as indicated by steep NDVI slopes, rapid ground-cover expansion, and rapid height and
volume growth, while still reaching moderate to high peak NDVI. This growth pattern likely
supports efficient resource acquisition and effective early shading of the understory, helping
to sustain yield when weeds are present. Similar links between early vigor, early leaf area
index (LAI), and reduced weed cover or yield loss have been reported in winter oats [54],
spring oats [55], and other cereals [56]. These genotypes therefore fit the “competitive
yet productive” ideotype described for competitive cereal cultivars, where early growth,
tillering, canopy architecture, and height contribute to yield stability in weedy fields
without necessarily compromising potential yield in weed-free conditions [3].

In contrast, cultivars that yielded poorly in both weedy and weed-free environments
(e.g., AAC Kongsore, Camden, ORE3542M) generally combined lower maximum NDVI
or canopy area with shorter final height or slower canopy expansion rates, indicating
constrained canopy development and reduced capacity to intercept light and pre-empt
resources. These conservative growth profiles appear insufficient to compensate for weed
competition, leading to lower yields under both weed-free and weedy conditions. Forage
types (CDC Baler, CDC Haymaker, CDC Nasser) occupied an intermediate functional
role, as they consistently exhibited the most aggressive canopy development, with high
maximum NDV], rapid and early ground cover, and tall stature, traits classically associated
with strong weed suppression. However, their grain yields were not always among the top
performers. This suggests that while forage cultivars may be highly effective at suppressing
weeds, their biomass-oriented growth and potential lodging risk may limit grain yield
under high-input conventional management. Similar results were also reported in previous
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studies on oats in Western Canada [55]. Finally, cultivars such as Summit, Souris, or
AAC Kongsore illustrate that conservative or stability-oriented growth dynamics do not
necessarily translate into competitive advantage under conventional weedy scenarios.
AAC Kongsore, for example, combined lower and shorter-duration NDVI with slower
ground-cover expansion, and despite its relatively tall stature in some site-years, did not
convert this into higher yield or improved weed tolerance. Together, these patterns indicate
that under conventional systems, the most desirable oat ideotypes are not simply the
tallest or the most biomass-productive, but those that couple rapid early spectral and
structural development (fast NDVI rise, early canopy closure, timely height accumulation)
with efficient partitioning to grain, thereby securing yield in weed-free conditions while
minimizing yield loss when weeds are present.

4.2. Machine Learning as a Tool for Crop Breeding

The machine learning analysis in this study helped pinpoint which RS-derived traits
were most strongly associated with yield under both weed-free and weedy conditions, and
supports the general ranking based on yield and trait relationships (previously discussed).
A clear and consistent signal was that early canopy traits are critical for achieving high
grain yield in both management scenarios. This aligns with a large body of work showing
that rapid early-season canopy development is a major driver of crop productivity across
environments and management systems. Interestingly, this study highlighted the impor-
tance of canopy development rate (time to reach 50% NDRE) as a key trait for grain yield
under weed-free conditions. This points to an important distinction between the amount of
canopy development (e.g., LAI, ground cover, or peak NDVI) and the speed at which that
canopy is built, which is better described by the temporal dynamics of vegetation indices.

Under weed-infested conditions, four traits emerged as important for explaining
variation in grain yield: crop ground cover at three weeks after planting (3 WAP), crop
NDRE at 3 WAP, maximum ground cover (the asymptotic value from the non-linear growth
model), and crop height at 8 WAP. Together, these traits explain how effectively a cultivar
can establish an early canopy, capture resources, and maintain a competitive edge over
weeds. The fact that ground cover and NDRE measured as early as 3 WAP were strong yield
predictors under weedy conditions highlights the crucial role of early canopy establishment
in determining the outcome of crop-weed interactions. Around three weeks after planting,
most weed seedlings are still in their most vulnerable growth stages, so the crop’s ability to
rapidly occupy space and intercept light during this window largely sets the trajectory of
competition for the rest of the season. This is consistent with previous work showing that
early vigor traits in cereals are central to weed-competitiveness [10,57].

The importance of NDRE at 3 WAP indicates that competitive success depends not
only on the amount of canopy the crop has developed, but also on the physiological
quality of that canopy, indicated by its chlorophyll content and nitrogen status. A crop that
combines extensive ground cover with high NDRE at 3 WAP has already achieved rapid
leaf area expansion and elevated photosynthetic capacity, allowing it to pre-empt light
resources and efficiently convert intercepted radiation into biomass. The maximum ground
cover percentage indicates an ability to achieve and sustain near-complete ground cover,
thereby restricting the light available to weeds during the critical mid-season period when
both crop and weed growth rates are highest [58,59]. Crop height at 8 WAP also emerged
as an essential predictor of yield under weedy conditions, highlighting the role of vertical
structure in competitive interactions [3]. By this stage, the crop is typically in the mid-late
vegetative or early reproductive phase, and its height influences its capacity to overtop
weeds and intercept incoming radiation before it reaches the weed canopy. Taller crops cast
deeper shade and create steeper light gradients within mixed crop-weed stands, reducing
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the light available to shorter weed species. Overall, across both weed-free and weedy
scenarios, the analyses consistently pointed to the role of early canopy development, though
this emerged through slightly different metrics. Under weedy conditions, the additional
importance of early and maximum ground cover, along with crop height, highlights the
need for traits that physically dominate the canopy. These structural attributes allow the
crop to occupy space, intercept light before it reaches emerging weeds, and create a shaded
microenvironment unfavorable to weed growth.

4.3. Implications of Integrating RS and ML for Weed Management

This study evaluated sixteen oat cultivars under both weed-free and weedy conditions
with two main goals: (i) to identify cultivars that maintain high yields across both manage-
ment scenarios, and (ii) to assess how remote sensing (RS) and machine learning (ML) can
be used to pinpoint traits linked to yield under weed-free and weedy environments. The
experimental design and analytical framework were developed to address several key gaps
in current crop breeding and weed management research, particularly around early-season
canopy traits that are difficult to measure reliably with conventional field assessments.
The key novelty of this study is the demonstration that RS-derived traits measured under
weed-free conditions can be meaningfully linked to cultivar performance under weedy
conditions. This has direct implications for cultivar selection and breeding efficiency, as
conventional breeding programs typically focus on selecting high-yielding lines under
optimal, weed-free conditions, assuming that superior yield potential will also translate
into better performance under stress or competition. However, this assumption is often
false, because the traits that drive high yield in resource-rich environments can differ from
those that underpin competitive ability in resource-limited or weedy environments [60,61].

By combining RS phenotyping with machine learning, this study illustrates how traits
can be related across management contexts. Image-based, high-throughput phenotyping
of canopy cover, canopy spectral features, and height enables breeders to evaluate large
populations in controlled, weed-free trials while still identifying genotypes likely to per-
form well in weedy fields, thereby reducing the cost and logistical complexity of running
replicated weedy trials [60,62-64]. Recent work has shown that image-derived canopy traits
associated with early vigor and weed-competitiveness can be captured non-destructively
and at scale, providing practical proxies for direct weed-competition that can help ease the
phenotyping bottleneck for competitive cultivars [62-65]. This is particularly important be-
cause one of the major constraints in conventional breeding and agronomy is the difficulty
of accurately and efficiently quantifying early-season canopy traits. Traditional methods,
including visual scoring, manual ground-cover estimation, and destructive sampling, are
labor-intensive, subjective, and poorly suited to tracking the rapid temporal dynamics of
early canopy development. As a result, early-season traits are often underrepresented in
breeding indices, despite strong evidence that they are critical for both yield formation and
competitive ability.

Second, this study provides a mechanistic understanding of which aspects of canopy
development and physiology contribute to both yield potential and competitive ability,
enabling more targeted selection strategies. Third, it facilitates the identification of geno-
types that combine high intrinsic productivity with strong competitive traits, an ideal
combination for low-input and organic systems where weed pressure is inevitable. The
integration of RS and ML approaches in this study addresses these limitations by enabling
high-throughput, objective, and temporally resolved measurement of canopy traits. The
use of ML approaches is particularly valuable for identifying non-linear relationships and
complex interactions among traits that may not be apparent through traditional statistical
analysis [66,67].
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Overall, this approach is more critical for oat cropping systems than for any other
crops. The significance of developing competitive oat cultivars is heightened by the unique
challenge posed by wild oat (Avena fatua) in cultivated oat (Avena sativa) production systems,
as wild oat and cultivated oat belong to the same genus (Avena), making selective chemical
control extremely difficult [55]. Overall, the integration of RS and ML demonstrated in
this study represents a template for future crop improvement efforts targeting complex,
multi-trait objectives such as yield stability under variable weed pressure.

5. Conclusions

This study demonstrated that commercially grown oat cultivars differ markedly in
their ability to maintain grain yield under weed-free and weedy conditions, and that these
differences are closely linked to canopy development captured by UAV-based remote
sensing. By integrating non-linear growth modeling with machine learning, we showed
that a relatively small set of early-season canopy traits can explain a large share of yield
variation. Under weed-free conditions, grain yield was best predicted by crop ground cover
at 3 WAP, NDRE dynamics (including time to 50% of maximum NDRE), and maximum crop
height. Under weedy conditions, crop ground cover and NDRE at 3 WAP, maximum ground
cover, and crop height at 8 WAP were the key predictors of weedy yield. Together, these
results highlight that both the rate and extent of early canopy development, rather than
final canopy size alone, are critical for yield formation and competitive ability. A central
finding is that RS-derived traits measured in weed-free plots can be used to predict cultivar
performance under weed competition. This provides a practical pathway for breeders
to select for weed-competitive ideotypes using high-throughput UAV phenotyping in
weed-free trials, reducing the dependence on numerous labor-intensive weedy experiments
while still targeting traits that confer competitive ability. Given the challenge of managing
wild oat in cultivated oat, the integration of UAV-based temporal phenotyping and ML
modeling presented here offers a scalable template for developing cultivars that combine
high yield potential with strong competitive traits, and can be extended to other crops and
environments where weed pressure threatens yield stability. However, this methodology
can be further developed by conducting additional multi-site experiments to collect a larger
dataset for ML modeling and exploring other vegetation indices, as this study considered
only three years of data and used the most common vegetation indices.
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Abbreviations

The following abbreviations are used in this manuscript:

AGL Above Ground Level

AIC Akaike Information Criterion
ANN Artificial Neural Networks
CcC Canopy Cover

Ccv Cross Validation

DEM Digital Elevation Model
DSM Digital Surface Model

ExG Excess Green Index

GBM Gradient Boosted Machines
CGC Crop Ground Cover

ha Hectare

hl Hectoliter

HTP High Throughput Phenotyping
kg Kilogram

LAI Leaf Area Index

Ib Pound

LiDAR  Light Detection and Ranging

MAE Mean Absolute Error

ML Machine Learning

NDRE Normalized Difference Red Index
NDVI Normalized Difference Vegetative Index

PDP Partial Dependence Plot
PLS Partial Least Squares

RF Random Forest

RMSE Root Mean Square Error
RS Remote Sensing

UAV Unmanned Aerial Vehicle
UT™ Universal Time Model
VIP Variable Importance Plot
WAP Weeks After Planting
WFYLD  Weed Free Yield

WYLD  Weedy Yield
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