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DTM scores (H2 = 0.84). eXtreme Gradient Boosting models identified the vis-
ible atmospherically resistant index (31%), modified green-red vegetation index
(17%), and redness index (13%) as the most predictive VIs. Genome-wide association
mapping using these indices revealed three significant single nucleotide polymor-
phisms on chromosomes 3 and 5—variants not detected using traditional maturity
data—highlighting the potential enhanced detection power of image-derived traits.
This work demonstrates the utility of low-cost UAS platforms for scalable, non-
destructive maturity estimation and illustrates their potential to uncover genetic
components of economically important traits, offering new avenues for addressing
missing heritability in legume breeding.

Plain Language Summary

We developed a cost-effective aerial phenotyping platform to estimate and map asso-
ciated genes with days to maturity (DTM) in field peas, which can be applied to
breeding programs. Using drones and red-green-blue sensors similar to regular phone
cameras, weekly imaging in the field plots captures the canopy greenness from the
onset of flowering to the physiological maturity stages of field pea. The goal is to
identify the optimal machine learning model and the best window for estimating
DTM. Aerial estimates increased the detection of genetic variants more than visual
assessments, making this platform effective for quantifying plant maturity in scalable

1 | INTRODUCTION

Accurate estimation of days to maturity (DTM) is critical in
field pea (Pisum sativum L.) breeding, influencing cultivar
development for local adaptation, stress resilience, and market
alignment. As a key phenological trait, DTM enables effec-
tive comparison of breeding lines during varietal development
trials (Parihar et al., 2022). The timing of maturity is driven
by genetic responses to environmental cues such as tempera-
ture and water availability (Bueckertet al., 2015; Sadras et al.,
2012). Regional variation in germination and flowering across
agroecological zones further emphasizes the need for pre-
cise maturity assessments to support yield optimization and
line selection. Given its strong positive correlation with yield
(Haraet al., 2023), DTM remains a vital selection criterion in
breeding programs.

Field pea is well adapted to temperate climates (Warkentin
et al.,, 2015), yet climate change presents increasing chal-
lenges, particularly during the flowering stage when heat
stress can reduce productivity. Breeding efforts have therefore
prioritized traits that shorten flowering and ripening peri-
ods to minimize late-season stress exposure (Miller et al.,
2005). Physiological maturity in pea is typically indicated by
pod and foliage color transition to yellow or brown (Gritton,
1980), with notable pod growth occurring between 80 and

and reliable data-driven decisions.

100 days after planting (DAP) (McKay et al., 2003). How-
ever, manual DTM phenotyping based on visual scoring is
time-consuming, subjective, and prone to observer variability
(Teferaet al., 2022), limiting scalability in multi-environment
trials. These limitations highlight the need for more efficient
and accurate phenotyping approaches (Chawade et al., 2019;
G. Yang et al., 2017).

High-throughput field phenotyping (HTFP) has emerged as
a transformative tool in plant breeding, enabling non-invasive,
repeatable measurement of key traits through proximal and
remote sensing technologies (Tao et al., 2022). When inte-
grated with genome-wide association (GWA) mapping, HTFP
enhances our ability to unravel genotype-by-phenotype-by-
environment interactions (Xiao et al., 2022). While ground-
based platforms can capture detailed images, they often lack
the speed and spatial coverage needed for large-scale trials
(Haghighattalab et al., 2016). In contrast, uncrewed aerial
systems (UASs) provide a cost-effective and scalable means
to capture high-resolution imagery over extensive field plots
(Song et al., 2021), supporting frequent and biologically
meaningful trait measurements.

The utility of aerial phenotyping depends on sensor type
and the choice of vegetation indices (VIs) coupled with appro-
priate machine learning (ML) models (Govaichelvan et al.,
2023). Multispectral (MS) sensors, which leverage red-edge
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and near-infrared reflectance, are powerful tools for detecting
senescence-related changes (Bazrafkan et al., 2023; S. Zhang
et al., 2022), but often sacrifice spatial resolution due to larger
pixel sizes and limited band specificity (Z. Khan et al., 2018;
Lépez-Garcia et al., 2022). Red-green-blue (RGB) sensors,
by contrast, offer high spatial resolution at a lower cost and
are well-suited to capturing morphological traits such as color
changes during maturation (Volpato et al., 2021). Their com-
pact form factor and ease of deployment make RGB sensors
particularly attractive for frequent time- point imaging in field
trials. In this study, RGB imagery was used to monitor green-
ness decay, which is a key indicator of physiological maturity
in pea at fine temporal detail.

Selecting robust statistical and ML models is essential for
extracting trait information from aerial imagery. Tree-based
ensemble methods such as random forest (RF) are widely
used due to their ability to model non-linear relationships
and resist overfitting by averaging multiple decision trees
(Berk, 2016; Zou et al., 2015). Despite their strengths, RF
models can become computationally intensive and less inter-
pretable as complexity grows (Duroux & Scornet, 2018).
Extremely randomized trees (Extra Trees) improve training
efficiency by introducing additional randomness during tree
construction (Galelli & Castelletti, 2013), and have demon-
strated success in agricultural trait prediction (N. Khan et al.,
2022).

The eXtreme Gradient Boosting (XGBoost) represents a
state-of-the-art ML approach that builds an ensemble of opti-
mized weak learners using regularized boosting techniques.
XGBoost has shown high performance in pea phenotyping
tasks such as lodging classification (Bazrafkan et al., 2024).
Similarly, adaptive boosting (Adaboost) improves model
accuracy by emphasizing misclassified samples, though it can
be sensitive to noise and outliers (Sagi & Rokach, 2018).
While classification approaches have been applied to maturity
stage prediction, there is a gap in leveraging regression-based
modeling to identify continuous VI predictors of DTM in field
pea. This study introduces a framework that utilizes RGB-
derived VIs in combination with ML regression for fine-scale
maturity estimation.

To our knowledge, this is the first report to combine
RGB-based aerial phenotyping with genome-wide associa-
tion study (GWAS) to study DTM in field pea. Our objectives
were to (1) compare DTM estimates from aerial and man-
ual phenotyping across multiple time points, (2) determine
the optimal time point for DTM estimation using aerial VIs,
and (3) identify genetic loci associated with maturity using
GWAS based on aerial image-derived indices. This integrated
framework offers a low-cost, scalable solution for improving
phenotyping efficiency and capturing biologically relevant
variation in crop maturity, advancing the goals of field pea
public breeding programs under increasing environmental
constraints.
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Core Ideas

* A low-cost unmanned aerial system framework
was developed to estimate days to maturity (DTM)
in field pea.

* Aerial estimates of plant maturity showed a strong
correlation with ground-based observations.

» Aerial-derived vegetation indices showed higher
heritability than ground-based DTM scores.

* Genome-wide association mapping using vege-
tation indices uncovered novel single nucleotide
polymorphisms (SNPs) associated with maturity
that were missed by conventional phenotyping.

2 | MATERIALS AND METHODS
2.1 | Location and experimental design

In this study, a set of 300 field pea accessions were selected
to evaluate a range of agronomic traits, including seed yield,
protein content, maturity, and plant architecture. To provide
benchmarks for comparison, commercial checks including
Hampton, AC Agassiz, DS Admiral (Andersen et al., 2002),
and Arcadia were included. Utilizing FieldHub (Murillo et al.,
2021), a randomization tool developed at North Dakota State
University (NDSU), an augmented incomplete block design
was created, with the repeating checks strategically arranged
diagonally throughout the experiment. The study was con-
ducted with two replications, resulting in a total of 700
evaluated plots. Each plot consisted of eight evenly spaced
rows covering an area of 4 m?, with a spacing of 1.52 m
between adjacent plots to prevent overlapping canopies. This
experiment was carried out at the NDSU Prosper Research
Site, located 5 miles northwest of Prosper, ND (97.11707° W
46.99432° N) as shown in Figure 1.

2.2 | Field image and data acquisition

Field pea maturity phenotyping was assessed using two
methods: ground phenotyping and aerial phenotyping, as
illustrated in Figure 1. Ground phenotyping focused on deter-
mining the DTM by walking through the field and visually
scoring each plot based on the extent of pod and leaf yellow-
ing and browning. This assessment typically begins at the R7
growth stage and continues until all plots reach physiological
maturity (Erskine et al., 1990). In this study, evaluations were
conducted every 3 days, with a plot deemed physiologically
mature when 90% of its leaves, stems, and pods had turned
brown and leathery (Carlson-Nilsson et al., 2021). The DTM
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is recorded as DAP, calculated by subtracting the sowing date
from the maturity date. This DTM metric served as the depen-
dent variable for evaluating model performance in tree-based
ML regression tasks.

Aerial maturity estimates were obtained using UASs
through nadir imaging, designed to avoid canopy occlusions
and image distortions that could impact VI calculations. Mul-
tiple flights were conducted at the R7 growth stage and
beyond in the field pea plots. To enhance georeferencing
accuracy, a handheld GPS-based 19984 SparkFun Real-time
Kinematics (RTK) Facet (SparkFun Electronics) device was
utilized to survey the experimental site and establish bound-
ary coordinates. Orange plastic lids were placed at each
corner of the experimental area to serve as ground control
points, facilitating boundary traceability and precise referenc-
ing during image stitching and analysis. Checkpoints were
also marked with black plastic lids to improve georeferencing
of plot images. The high-throughput phenotyping workflow,
as depicted in Figure 1A, commenced with the collection
of a series of raw, geotagged images captured by a 6K, 20-
megapixel, 1-in. complementary metal-oxide semiconductor
sensor mounted on an FAA-category II Autel EVO II Pro
quadcopter drone (Autel Robotics). Flights were conducted at

an altitude of 50 m, with a cruising speed of 7.20 km/h, ensur-
ing at least 80% side overlap and 85% front overlap in images.
This setup yielded a camera sensor length of 10.59 m, a sensor
width of 12.80 mm, and an image width of 5472 mm, result-
ing in a ground sample distance of 1.104 cm/pixel. Flights
were scheduled between 10:00 a.m. and 2:00 p.m. to minimize
shadow effects. Variations in sky conditions, such as cloud
cover, were addressed using MAPIR calibration ground tar-
get version 2 (MAPIR Inc.) to maintain consistent reflectance
during image collection. Additionally, a handheld Dr. Meter
LX1330B digital light meter recorded illuminance values at
each collection time point to aid in the reflectance correction
of the images. A summary of UAS platform specifications,
flight parameter settings, and experimental site information is
shown in Table S1.

2.3 | Image pre-processing: Segmentation,
VI calculation, and extraction

A series of plot-level images captured by the UAS were
stitched and radiometrically corrected using Pix4Dmapper
(Pix4D, version 4.9.0) software. This process produced a
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raster known as the orthomosaic image, which was then
imported into ArcGIS Pro version 3.1.2 (ESRI Inc., version
3.1.2) for further feature extraction. The current study selected
20 VIs derived from the visible light (RGB) of the elec-
tromagnetic radiation spectrum to effectively predict traits
related to greenness and senescence in the test genotypes.
The green-dominated indices are used for monitoring green-
ness, canopy cover, and crop vigor (Meyer & Neto, 2008;
Woebbecke et al., 1995). The red-based indices are defined
by the red band usually absorbed by plants for photosynthesis
and are capable of profiling senescence, stress, soil, and crop
delineation (Kawashima & Nikatani, 1998). The blue-based
index is suitable for delineating vegetation pixels from wet
or shadowed backgrounds (Meyer & Neto, 2008). Composite
indices derived from modified ex pression of RGB bands excel
in lighting correction under variable conditions (Woebbecke
et al., 1995), soil-vegetation discrimination (Guijarro et al.,
2010), estimating chlorophyll content in the absence of near-
infrared band (Hunt et al., 2005, 2011), and capturing color
transition during senescence phase (Meyer & Neto, 2008).
Overall, this set of VI measures the extent of greenness in field
pea maturity. A summary of VI notation and mathematical
expressions is shown in Table S2.

Prior to generating the dataset, the three bands—RGB—
were normalized by dividing each digital number (DN) by
the total bands, ensuring standardized computed values. In
total, 20 image-derived VI datasets were generated as aerial
VI estimates. Among these, the excess green (ExG) index
(Woebbecke et al., 1995) proved effective in distinguishing
vegetation from soil by removing background interference,
a technique previously applied in crops like cabbage (Bras-
sica rapa L. subsp. pekinensis), radish (Raphanus sativus
L.) (D. Kim et al.,, 2018), and common bean (Phaseolus
vulgaris L.) (Parker et al., 2020). The ExG derived from
the raw orthomosaic image served as the input raster for
the reclassify geoprocessing tool within ArcGIS, enhanc-
ing the accuracy of vegetation pixel extraction. Analysis of
the ExG histogram identified an optimal threshold of 0.65
for image classification between soil/background and vege-
tation pixels. This was confirmed by overlaying the results
with a true-color orthomosaic image using the swipe func-
tion in ArcGIS Pro. Using the reclassify tool, DNs exceeding
0.65 were distinguished as vegetation, while DNs below
were 0.65 distinguished as soil/background, resulting in a
binarized raster that separated soil and vegetation canopy
into two classes, assigned binary values of zero and one,
respectively.

Using the ArcGIS raster calculator tool, the two input
datasets—the binarized raster and the RGB index raster
(orthomosaic image)—were processed to mask soil pixels
corresponding to zero values in the binarized raster. This
masking left only non-zero vegetation pixels in the output
raster, now referred to as the vegetation RGB index raster,
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effectively removing soil and shadow effects. The zonal statis-
tics analysis tool in the ArcGIS Pro software was employed
to analyze the vegetation RGB index raster by overlaying it
with the plot map polygon shape annotated with identification
codes from the geodatabase. This extraction process generated
a dataset table containing localized summary statistics—
mean, median, count, sum, range, and 95th percentile—for
the twenty VI formulas based on the visible light spectrum, as
detailed in Table S2. Ultimately, these 20 extracted aerial VIs,
along with DTM, were combined to form the comprehensive
phenotype data.

2.4 | Model cross-validation: ML and
statistical relationships

The statistical analysis framework, illustrated in Figure 2,
utilized two distinct datasets to identify the most effec-
tive image-derived VI based on its accuracy in predicting
maturity response in field pea. Ground estimates (visual
maturity scores) were treated as dependent variables, while
aerial estimates (VIs) served as predictor variables for
the analysis. This resulted in a comprehensive evaluation
of how well each VI correlated with the actual matu-
rity observed in the field, ultimately guiding the selec-
tion of the most reliable indices for assessing field pea
maturity.

2.4.1 | Optimal time point and ML model

Four ensemble ML models were evaluated for regression
tasks: RF, Extra Trees, Adaboost, and XGBoost. Each model
produced mean predictions in continuous values. RF operates
by constructing multiple decision trees, where each tree is
built from a subset of features and a specified node size. This
randomness in feature selection and node size helps to pre-
vent overfitting and enhances the model’s ability to generalize
to unseen variable relationships (Breiman, 2001). Addition-
ally, RF allows for fine-tuning the number of decision trees
and node sizes, enabling effective predictions with relative
simplicity.

Adaboost, on the other hand, employs a boosting frame-
work that iteratively combines multiple single-split decision
trees, known as stumps or weak learners. It assigns larger
weights to less accurately predicted samples, progressively
improving the model with each iteration until the final pre-
diction is optimized (Freund & Schapire, 1997). XGBoost is
another gradient-boosting algorithm that enhances predictive
performance through gradient descent optimization, combin-
ing the strengths of sample learners to generate optimal model
predictions (Panigrahi et al., 2023). Similar to RF, Extra Trees
utilizes decision trees but incorporates randomness at each
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Boosting.

node without replacement, adding an extra layer of variability
(Geurts et al., 2006).

In this analysis, aerial image-derived VIs and DTM were
designated as predictor and dependent variables, respectively.
Any plot IDs with missing phenotype data were to be filtered
out. An 80:20 split ratio was applied to create training and
testing datasets prior to model tuning.

Effective model fitting relies on fine-tuned hyperparame-
ters, often optimizing the accuracy in predicting DTM. The
hyperparameter tuning strategy in this study employs the
grid search technique with cross-validation, where the com-
bination of model configurations is identified based on the
assigned range values of hyperparameters. Using the ML
models, 700 test observations, 20 aerial estimates (predic-
tor variables), and fivefold cross-validation, the RF and Extra
Trees typically recommend the search range n_estimators of
100-300, with max_depth of up to 10, achieving a perfor-
mance and error rate (Breiman, 2001; Geurts et al., 2006;
Probst et al., 2019). Conversely, XGBoost and Adaboost are
sensitive to overfitting and suggest a range of 50200 estima-
tors with max_depth of 3—7 (or stumps in Adaboost) (Freund

& Schapire, 1997) at the maximum learning rate of 0.2-0.1.
Hyperparameter tuning and feature importance ranking for
each model were conducted using GridSearchCV and the vari-
able importance function from the Scikit-learn ML ensemble
module (Pedregosa et al., 2011) within the Jupyter Notebook
interface (version 6.5.4) in a Python 3.11 environment. The
evaluation of the tree-based regression models was conducted
using the following equations:

n n

R =1-{ lZ::l (¥ - flf)z] . lzﬁ:l " ?)2] _] }(l)

n

RMSE =1 lzle (¥ - f’f)] @

where R? is the coefficient of determination, which measures
the goodness of fit of an ML model, RMSE is the root mean
square error, Y; is the actual measured dependent values, ¥ is
the predicted dependent values, Y is the expected value of the
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measured value, and » is the number of samples. The model
with the lowest value RMSE and the highest R> was speci-
fied to generate a plot ranking the feature relative importance
with DTM among different time points. The optimal number
of model inputs was obtained by running all 20 indices across
all models and iteratively removing one index at a time using
the backward feature elimination with leave-one-out cross-
validation method to search for the lowest RMSE value. Using
the optimal model, variable importance ranking from lowest
to highest was executed to identify the top three indices to be
used as aerial-based phenotype data for DTM.

242 |
estimates

Ground- and aerial-based heritability

Variance components were estimated based on a linear mixed
model summarized in the equations below:

Yi}'=p+r,-+gj+eg 3)

H2 = {ngenctype} * {ngentoype + [D'Zerror '(r)_]]}_l 4)

where Yj; is the maturity value of observation plots of ith
replicate and jth genotype, y is the overall population mean,
r; is the fixed term effect of ith replicate, g; is the random
term effect of jth genotype, and ; is the random residual
error term associated with ith replicate and jth genotype.
Heritability (H?) measures the ratio of observed phenotypic
variation in a particular trait within the population that is
attributed to genetic factors. Broad sense heritability was cal-
culated by dividing the genotypic variance with the total
phenotypic variance. The total phenotypic variance consisted
of the sum of two components: genotypic and residual error
variance, which is divided by the total number of replica-
tions (r). The ASReml-R package (Butler et al., 2017) fitted
the linear mixed model using Equation (3) and calculated
the heritability using Equation (4) for ground and aerial trait
estimates.

243 |
analysis

Feature similarity and correlation

Rescaled phenotypic data were used to perform princi-
pal component analysis (PCA), with the first two principal
components (PC1 and PC2) selected based on the highest
proportion of explained variance across all features. DTM
was assessed through direct field observation, conducted
every 3 days by visually scoring plots for signs of maturity,
such as browning of leaves and pods, following the method
described by Erskine et al. (1990) and Carlson-Nilsson et al.

The Plant Phenome Journal .0 7 0f 19

(2021). PCA outputs included variance loadings (eigenvalues)
and directions (eigenvectors), computed from standardized
data. Features with high variance loadings and eigenvectors
closely aligned with the DTM vector were interpreted as
having strong similarity and were grouped accordingly with
ground-truth maturity scores, following an approach similar
to soybean (Glycine max L.) maturity evaluation (C. Yang
etal., 2025). A comprehensive overview of trait relationships
and sample clustering is illustrated in the two-dimensional
PCA biplot.

The Pearson correlation method was then used to analyze
the rescaled datasets, visualizing the results with a heat map
that displayed correlation values ranging from —1 (highly neg-
atively correlated) to 1 (highly positively correlated). VIs that
exhibited a strong correlation with DTM were identified as
the most informative and influential. To assess the statistical
significance of all variables, a t-test was conducted, using a
threshold p-value of 0.05.

2.5 | GWA mapping
Using the ground collected-DTM and the top three highly her-
itable aerial VIs, GWA mapping was performed. The single
nucleotide polymorphism (SNP) marker dataset was gener-
ated through genotyping-by-sequencing, as described by Al
Bariet al. (2023). The SNP data were filtered using Tassel ver-
sion 5.0 software (Bradbury et al., 2007) with specific criteria:
a minor allele frequency threshold of 5% (<0.05), heterozy-
gosity set at 80%, and a missingness threshold capped at 20%.
This filtering process refined the genotype data to 19,826 SNP
markers, which were then utilized for GWA mapping imple-
mented in Genome Association and Prediction Integrated
Tool (Wang & Zhang, 2021) in R environment.

Marker-trait associations were tested using a linear mixed
model as follows:

y=Xp+Cy+Zu+e (5)

where y is a vector of the best linear unbiased predictors
(BLUPs), X, C, and Z are design matrix for @, vy, and u,
respectively. B is a vector of fixed marker effects; y is a vector
of subpopulation effects; u is a vector of the random additive
genetic background effects associated with the lines; € is the
unexplained variation. PCA was conducted to summarize the
genetic structure and variation present in the collection. To
control spurious association due to population structure, the
first three PCs were used in the standard mixed linear model
(MLM), as shown in (5).

The method of Li and Ji (2005), which accounts for link-
age disequilibrium among markers, was used to calculate a
comparison-wise error rate and control the experiment-wise
error rate. The effective number of independent tests (Meff)
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was calculated from the correlation matrix and eigenvalue
decomposition of 19,826 SNP markers. The test criteria were
adjusted with the following equation (Sidik, 1967):

ap=1-(1-a,)/Mett (6)

where, ap is the computed comparison-wise error rate, and
a, is the trial-wise error rate. In this study, trial-wise error

rate was a, = 0.03.

2.6 | Candidate gene annotation

A range within the +100 kb for upstream and down-
stream of the SNP physical location was established as a
search window (200 kb) in selecting candidate genes (Pavan
et al., 2022). Annotated genes within the search region were
obtained from the French reference genome annotation file
Pisum_sativum_vla (Kreplak et al., 2019).

3 | RESULTS

3.1 | Heritability and ML identify the peak
timing for estimating maturity

To determine the optimal time point for estimating DTM, we
assessed trait heritability and ML model accuracy across mul-
tiple imaging dates. The average broad-sense heritability (H?)
of RGB-derived VIs increased by 6% at 71 DAP, declined
by 3% at 85 DAP, and dropped to near nonsignificant lev-
els by 94 DAP (Figure 3A). Heritability peaked at 65 DAP
(H? = 0.90) and plateaued at 71 DAP (H” = 0.91), indicat-
ing maximal genetic differentiation among genotypes at this
stage.

Model performance followed a similar trend. At 71 DAP,
the average R? across all ML regression models increased
by 14%, with XGBoost achieving the highest performance
(R? = 0.60; Figure 3B). Standard deviation of R? values from
fivefold cross-validation decreased substantially (26%—47%)
from 46 to 71 DAP, followed by a sharp increase (219%—
226%) at 85 DAP (Table S3), indicating higher model stability
at 71 DAP. After 79 DAP, accuracy declined due to reduced
variation in canopy greenness (Figure 3C), which limited
model signal. Based on heritability, ML performance, and
prediction stability, 71 DAP was selected as the optimal time
point for phenotyping maturity. Additionally, the top three V1s
at this time point exhibited the lowest RMSE in predicting
DTM (Figure S1).

NAVASCA ET AL.

3.2 | Aerial-derived vegetation indices are
highly heritable

At the optimal imaging date (71 DAP), 14 of the 20 RGB-
derived VIs were positively correlated with ground-based
DTM (Figure 4A). Modified green-red vegetation index
(MGRVI), GRVI, and visible atmospherically resistant index
(VARI) had the strongest positive correlations (r = 0.76),
while redness index (RI) and red-green difference ratio index
(IRG) had the most negative correlations (r = —0.76), indi-
cating their value for distinguishing early- and late-maturing
genotypes. PCA supported these relationships, with MGRVI,
GRVI, VARI, MEXG, and ExGR clustering near DTM in the
biplot (Figure 4B). The heritability of ground-based DTM
was 0.84, consistent with previous findings in field pea (Ofga
& Petros, 2017). In contrast, RGB-derived VIs had higher
average heritability (H? = 0.91; Figure 4C and Figure S2),
indicating stronger genetic control. Notably, ExR and WI had
relatively low heritability (H? = 0.83) and weak correlations
with DTM (r = 0.17 and —0.38, respectively), reducing their
utility for maturity assessment. These results underscore the
advantage of high-heritability, image-derived VIs, particu-
larly those related to canopy greenness and senescence, for
high-throughput maturity phenotyping.

3.3 | Feature importance highlights key
vegetation indices for maturity prediction

Feature importance rankings from ML models revealed tem-
poral shifts in the relevance of individual VIs for predicting
DTM. At early time points (46-64 DAP), XGBoost identified
MGRVI, GRVI, and MEXG as the most informative features
(Figures S3-S5), reflecting early canopy pigment dynamics.

At 71 DAP, when phenotypic differentiation was greatest,
VARI, MGRVI, and RI were the top predictors across models
(Figure 5A and Figure S6). These indices are sensitive to vis-
ible reflectance changes in greenness and red channels, which
correspond with early senescence. In later stages (79-94
DAP), Extra Trees outperformed other models and priori-
tized MEXG, red-green ratio indices, and senescence-related
metrics (Figures S7-S9).

Across all models, VARI had the highest overall feature
importance—ranking first in RF (34%) and XGBoost (31%).
MGRVI and IRG were top features in Adaboost (13%) and
Extra Trees (15%), respectively (Figure 5A). VARI was con-
sistently prioritized across three ML models, while MGRVI
and IRG were important in two, reinforcing their role in
maturity estimation (Figure S6). At 71 DAP, the top three
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days after planting (DAP). A shade of red represented the color bar for minimum and maximum value for dark red and pale red, respectively.

indices—VARI, MGRVI, and RI—had feature importance
scores of 31%, 17%, and 13%, respectively, under XGBoost
(Figure 5B), which also had the highest predictive R? (0.60;
Figure 3B).

3.4 | Aerial vegetation indices-based GWAS
enhances detection power and identifies novel
maturity genes

GWA mapping using aerial image-derived traits identified
four quantitative trait nucleotides (QTNs) associated with

pea maturity that were not detected through conventional
visual maturity ratings via a MLM incorporating three PCAs
and a kinship matrix. Two QTNs, S5LG3_188788921 and
S5L.G3 188788926, both located on chromosome 5, and
S3L.G5_423138033 on chromosome 3, were consistently
associated with the top three VIs: VARI, MGRVI, and RI
(Table 1; Figure 6). An additional QTN, S5LG3_141169470
on chromosome 5, was identified for MGRVI and RI only.
Notably, none of these SNPs exceeded the GWA signifi-
cance threshold (—log10[p] = 3.92) for ground-based DTM
scores, highlighting the increased mapping power afforded by
aerial VI-based phenotyping. However, genotypic differences
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in average DTM were significant for the VI-associated SNP
S5LG3_188788921 (Figure 6), indicating potential biological
relevance of this locus in regulating maturity.

In total, 13 stress-related genes were located near
the identified QTNs. Nine genes were found in prox-
imity to S3LG5_423138033 on chromosome 3, while
S5L.G3 188788921 and S5L.G3_ 141169470 on chromosome
5 were each associated with two candidate genes. The
QTN S5L.G3_188788921 is linked to Psat5g10720, an RNA
recognition motif domain-containing protein—implicated in
abiotic stress responses and developmental regulation (Shi
et al., 2017). QTN S5LG3_141169470 is associated with
Psat5g078680, a gene encoding phosphatidylinositol 3- and
4-kinase (PI3K), which plays roles in cell division, vacuo-
lar reorganization during pollen development (Lee et al.,
2008), and reactive oxygen species response via endocytosis
in Arabidopsis thaliana (Serrazina et al., 2014). Meanwhile,
S3LG5_423138033 is linked to Psat3gl 99480, annotated as
a pectinesterase (PE), known for its involvement in cell wall
remodeling (Derbyshire et al., 2007; Pelletier et al., 2010;
Wau et al., 2018) and pathogen defense through pectin methyl
esterification (Bethke et al., 2013; Lionetti et al., 2012). A
summary of the gene models and their functional annotations
is provided in Table 1.

4 | DISCUSSION

This study underscores the significant potential of HTFP
platforms utilizing off-the-shelf RGB sensors to advance pub-
lic breeding programs. Compared to manual phenotyping,
HTFP offers more accurate and consistent trait estimates,
reducing the inherent subjectivity of visual ratings. Aerial
VIs derived from the visible light spectrum enable precise
temporal monitoring of plant growth and development, partic-
ularly for assessing maturity (Vélez et al., 2023). Our results
align with prior HTFP studies in field pea (Vargas et al.,
2019; C. Zhang et al., 2021), which demonstrated increased
correlations between aerial VIs and DTM.

Heritability estimates for 20 image-derived VIs sur-
passed those based on ground-based DTM measurements
by 8.3%, suggesting aerial phenotyping captures genetic
variation more effectively. ML model performance varied
across developmental stages: predictive accuracy was lower
during early (46-53 DAP) and late (85-94 DAP) phases,
likely due to heterogeneous onset of leaf yellowing and
uniform senescence across plots. Peak accuracy across mod-
els (Adaboost, Extra Trees, XGBoost, and RF) occurred at
71 DAP, effectively differentiating matured from immature
plots. This pattern is consistent with Volpato et al. (2021),
who reported maximal predictive power at similar maturity
stages, followed by a decline concurrent with loss of leaf
greenness.
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Green-dominated VIs ranked highest in feature importance
across ML models, highlighting their robustness in charac-
terizing canopy color under varying illumination. RF and
XGBoost models prioritized the VARI, emphasizing its util-
ity in capturing corrected canopy greenness and red-green
balance while minimizing atmospheric interference (Larri-
naga & Brotons, 2019). Adaboost favored the IRG, sensitive
to pigment transitions linked to senescence and stress. Red-
dominated indices were more prominent in XGBoost and
Extra Trees models, whereas blue-based indices contributed
less consistently. XGBoost was selected as the optimal
model due to its superior regularization capacity, reducing
overfitting relative to RF. These ML approaches have also
demonstrated efficacy in predicting related traits such as
flowering time (Deva et al., 2023) and leaf age (Bai et al.,
2023). PCA further identified VARI, MGRVI, and RI as
the most informative VIs, with MGRVI and RI providing
complementary yet contrasting signals relevant to maturity.

GWA mapping revealed that drone-derived traits outper-
formed visual ratings in detecting significant SNPs associated
with maturity. Key QTNs identified at ~188 and ~141
Mbp on chromosome 5, and ~423 Mbp on chromosome 3,
showed additive effects on VI slopes (VARI, MGRVI) cor-
relating with maturity progression. These loci were linked to
genes implicated in abiotic stress adaptation, critical for plant
defense (Krinke et al., 2007; Takahashi et al., 2017). Sim-
ilar associations on these chromosomes have been reported
by Gali et al. (2019), supporting our findings. Additionally,
our results corroborate Tar’an et al. (2004), who reported
that reduced DTM combined with aerial VI improvements
positively affect grain yield in field pea.

The integration of RGB-based VIs with ML techniques
proved effective in enhancing maturity estimation and iden-
tifying relevant genetic markers. Although this platform
facilitates large-scale screening for maturity traits, limita-
tions persist. These include within-line heterogeneity, weed
interference, and uneven germination, echoing challenges
described by Volpato et al. (2021) and Al Bari et al. (2023).
Furthermore, variation in RGB image quality due to fluc-
tuating field illumination can impact greenness estimation
(C. Kim et al., 2006; Chopin et al., 2018). Advanced image
correction methods (C. Kim et al., 2006) and the inte-
gration of neural-network-based object detection with VI
calculations (Hashim et al., 2021) could substantially improve
vegetation-soil discrimination accuracy.

A potential limitation of this study is its single-year, single-
location design, which may limit the broader applicability
of the identified QTNs across diverse genetic backgrounds
and environmental conditions. Although a 2-year experiment
was initially planned, extreme drought during the first year
severely constrained data collection. Therefore, validation in
independent populations and across multiple environments is
essential to confirm the robustness of these genomic asso-
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ciations. Nevertheless, the dataset used in this study is of
high quality, as evidenced by its high heritability, making it
well-suited for genetic mapping.

In conclusion, continued improvements in image analy-
sis algorithms and the use of MS or hyperspectral sensors
promise to further enhance HTFP model performance. Over-
all, this study demonstrates that HTFP is a cost-effective
and powerful approach for dissecting the genetic architec-
ture of maturity in field pea, with significant implications for
accelerating public breeding programs.

5 | CONCLUSION

This study demonstrates that HTFP using accessible RGB
sensors, combined with ML, offers a robust and scalable
approach to improve estimation of maturity in field pea. The
use of aerial vegetation indices facilitated the identification of
key genetic loci associated with maturity in field pea. While
some limitations remain, such as environmental variability
and image quality, ongoing technological advances and multi-
environment validation will further strengthen the utility of
HTFP platforms. Overall, this approach holds strong potential
to accelerate genetic gain in public breeding programs like the
NDSU Pulse Crop Breeding Program.
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