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Genomic and phenomic analyses suggest additional heritable phenomic features can
improve modeling of important end traits like senescence or yield. Field phenotyping generally
uses trait values averaged across individual experimental units (plants or numerous plants within
plots), ignoring the full distributional pattern of collected measures. Images of plants or plots, as
captured by drones (unoccupied aerial vehicles / UAVs / drones), can be viewed as individual
distribution functions that capture biological information. This study introduces and validates
distributional data analysis in two crops and experiment types — cotton (Gossypium hirsutum L.)
single plant vegetation index (VI) analysis and maize (Zea mays L.) plot-level yield predictions.
In both crops, the concept of within-day variance decomposition was demonstrated. In cotton,
genotypes exerted significant influences on temporal quantile functions of VIs. Maize yield
prediction using distributional data with elastic-net regression indicated improvements in yield
prediction between 12.7%-21.6% with quantiles outside the conventionally used median
responsible for added predictive power. A novel data visualization method for per-pixel heritability
allowed distributional features to be explainable and interpretable. These results have implications
for future plant phenomic studies, indicating that distributional data analysis applied across
temporal imagery captures novel, heritable, and interpretable biological signal that is lost when
working with conventional measures of central tendency such as mean or median summary values

of experimental units.

Significance
Repeated aerial imaging of agricultural experiments produces image data sets that capture
plant development in high spatial and temporal resolutions. Frequently, images are summarized by

measures of central tendency, such as mean or median values. Here, functional data distributional
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methods were applied to cotton (Gossypium hirsutum L.) and maize (Zea mays L.) image data,
capturing more information than standard approaches. Cotton genotypes significantly impacted
distributional spectral data while in maize, distributional data enabled more accurate predictions
of grain yield versus models trained with median data alone. Distributional data were more
explainable by genetics, with novel data visualization techniques able to shine light on specific

parts of plant imagery with high and low genetic variance.

Background
Plant Phenomics

Phenomics is defined as the ‘“acquisition of high-dimensional phenotypic data on an
organism-wide scale” (Houle et al., 2010). Phenomics has witnessed rapid expansion since it was
first reviewed in a plant-specific context (Furbank & Tester, 2011) owing to advancements in
imaging and complementary molecular genetic technologies, and has been further reviewed to
show value in biological predictions and discoveries (Kumar et al., 2015; Lyu et al., 2017; Tardieu
et al., 2017; White et al., 2012; Yang et al., 2020; Zavafer et al., 2023; Zhao et al., 2019). Growing
interest is similarly occurring across humans, animals, and microbes (Acin-Albiac et al., 2020;
Pérez-Enciso & Steibel, 2021; Ying, 2023). Zavafer et al. (2023) define phenomics as “the
discipline of biology that studies a hypervolume” (the phenome), comprising every phenotype a
genome (G) can express across environments (E), defined as a location/year combination, and time
(T). By interrogating that GXTXE hypervolume, phenomics links genotype to function and
plasticity of functions. Temporal measurements reveal when genes act, environmental gradients
expose how they respond to stress or optimal conditions and together uncover mechanisms that

shape fitness and adaptation. Because GXTxE effects dictate cumulative end traits of importance,
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plant phenomic data sets have been exploited in numerous ways, such as for the analysis of leaf
senescence in a greenhouse setting (Lyu et al., 2017), prediction of grain yield in maize (Adak et
al., 2021), wheat (Triticum aestivum L.) (Jackson et al., 2023; Winn et al., 2023), chickpea (Cicer
arietinum L.) and dry pea (Pisum sativum L.) (Zhang et al., 2021), coffee (Coffea canephora)
(Adunola et al., 2024), soybean (Glycine max (L.) Merr.) (Parmley et al., 2019), among others.
These studies show improved discovery and end trait prediction using high-heritability features
captured through time.

Contemporary studies capture phenomic data using technologies such as near infrared
spectroscopy (NIRS) (Lane et al., 2020; Rincent et al., 2018; Robert et al., 2022; Zhu et al., 2021),
in-field robots (Mueller-Sim et al., 2017; Underwood et al., 2017; Virlet et al., 2016), greenhouse
imaging systems (Kaya, 2025), or through use of unoccupied aerial vehicles (UAV/UAS/drones),
as reviewed in Guo et al. (2021) and Gano et al. (2024). Drone imaging offers distinct advantages
of scalability and portability while enabling capture of dense temporal and spectral data at high
resolution (0.1cm — 1.0cm/pixel) compared to satellite imagery (30cm — 10m/pixel) or cameras
mounted on planes. Images stitched into orthomosaics and used to build 3D point clouds enable
temporal spectral and structural feature extraction at single-plant, plot, or whole-field levels. Open
source tools such as FIELDimageR (Matias et al., 2020; Pawar & Matias, 2023) and
FIELDimagePy (Chatterjee et al., 2025) provide phenomic feature extraction interfaces for mean
and median vegetation index (VI) values. The resulting VI values are ratios of bands captured by
a sensor within boundaries of individual experimental units (plants or plots), which tend to be more
robust and more predictive than raw spectral bands. However, a wealth of untapped phenomic
information exists in readily available distributional data from images that has not yet been studied

in plants.
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93 Functional and Distributional Data Analysis
94 Across many facets of biology, routine (scalar) summaries of central tendency (e.g.,
95  mean/median VI values of plant or plot images) incompletely explain differences in end traits, with
96  Anscombe’s quartet and the Datasaurus dozen serving as visual representations of this
97  phenomenon. At single-plant resolution, naturally occurring senescence often begins from the
98 edges of a leaf at its base, while localized leaf senescence can occur in the event of unevenly
99  applied environmental stress (Lim et al., 2007). Plant-to-plant variations could be overlooked when
100  routine summary statistics are used for each plant. At the plot level, factors such as variable
101  germination progression (Xue et al., 2021) or seedling uniformity (Muldoon & Daynard, 1981)
102 can explain differences in terminal measures. Scalar summaries that aggregate image data are
103  inadequate to parse these subtle phenomena, especially when these summaries are captured
104  temporally.
105 Functional data analysis (FDA) (Crainiceanu et al., 2024; Ramsay & Silverman, 2005;
106  Wangetal., 2016), is a statistics discipline that treats continuous data (e.g., temporal) as individual
107  data objects for each experimental unit. It is used in medical functional magnetic resonance
108  imaging (fMRI) (Huang et al., 2017), which benefits from uniform collection formats over short
109  time windows. Extension of these analytic methods to entire organismal life spans is complicated
110 by irregular and sparse measurement intervals across disparate environments. Computational
111  efficiency requirements for large data sets, violations of error independence assumptions, and
112 nongenetic correlations of neighboring time series data (e.g., field spatial variation of nearby
113 plants) are challenges similarly faced in applying functional data analysis directly to both brain

114  imaging studies (Tian, 2010) and agricultural data sets.
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115 Human studies have exploited the richness of distributions while avoiding information loss
116  inevitable when relying on scalar summaries. Distributional data analysis of wearable
117  accelerometers has provided benchmark data, enabling studies that fall within the scope of digital
118  phenotyping (Onnela, 2021). Distributional data analysis of biosensor data was first used in
119  continuous glucose monitoring (CGM) (Matabuena et al., 2021), with multivariate representations
120  of CGM data outperforming classical non-distributional CGM indices (Matabuena et al., 2024).
121  Accelerometry data has enabled modeling cumulative distribution functions for individual subjects
122 (Matabuena & Petersen, 2023), implementing subject-specific quantile functions for studying gait
123 and Alzheimer’s Disease (Ghosal et al., 2023) and uncovering links with cognitive evaluation
124 scores (Ghosal & Matabuena, 2024). Other examples include analysis of single-cell data (Tiberi et
125  al, 2023), causal effect estimation (Wang et al., 2023), quantile regression (Waldmann, 2018), and
126  distributional regression (Klein, 2024).

127 In most plant studies, the replication of experimental units both within and across
128  environments over time allows heritability metrics to objectively demonstrate value in
129  measurements. Here, explainable biological insights were made from multispectral drone image
130  data collected over individual cotton (G. hirsutum L.) plants and RGB (red, green, blue) image
131  data from maize (Zea mays L.) hybrid plots, differentiating these methods from deep learning
132 approaches, which suffer from a lack of or indirect explainability. Distributional information from
133 temporal plant images uncovered novel phenomic features with heritability superior to
134 conventional mean- and median-based summaries of phenomic data. Genetic variance and
135  heritability of VI distributional data in cotton and maize, along with grain yield prediction followed

136 by a feature importance analysis in maize using elastic-net regression, serve as objective metrics
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137  of novel value from distributional and FDA methods across two crop species and multiple
138  environments.

139

140  Methods Overview

141 Graphical summary of data collection and extraction methods of individual cotton plants
142 is presented in Fig. 1. All code referenced in the Methods section is available in GitHub

143 [https://github.com/ajdesalvio/phenomic-distributional].

A — UAS flights and photogrammetry C - Image extraction from orthomosaics E — Extraction of Standard Vs

T o and Distributional Data
“ 'm P ':
i 1
i 1838
i -

Daily multispectral flights from 17 May 2024 < =
(transplanting) = 30 Aug. 2024 (senescence) &

crop_regions_from_ortho()

compute_multi_vegetation_indices_parallel()

|

B — Shapefile creation from CSV file D — Soil masking
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create_shapefile_from_csv()

0.00 0.25 0.50 0.75 1.00
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144
145 Figure 1. Graphical summary of data collection and extraction methods of individual cotton plants. (A) Multispectral
146 drone flights for cotton were conducted daily, and images were stitched into orthomosaics. (B) Shapefiles were created
147 with bounding boxes overlaid on top of single plants; (C) Single-plant images were extracted from each orthomosaic;
148 (D) Soil was masked from each single-plant image; (E) Standard vegetation indices (mean and median values per
149 plant) as well as VI distributional data were calculated, with the quantile function for a single plant at one time point

150 shown as an example. Italicized text indicates custom Python functions.

151  Cotton Methods
152 Field Experiment Design
153 A field experiment in College Station, TX, between April and August 2024 was conducted

154  onupland cotton (G. hirsutum) BCs backcross-inbred lines containing introgression segments from

7
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155  wild Hawaiian cotton G. tomentosum (Nutt. Ex Seem.) detailed in DeSalvio et al. (2024).
156  Genotypes included 3 chromosome substitution lines (CSLs), 12 chromosome segment
157  substitution lines (CSSLs), and a control genotype, Texas Marker 1 (TM-1; Supplementary Table
158 1; Table S1), totaling 16 unique genotypes. Greenhouse germinated seeds were mechanically
159  transplanted on 12 April 2024 into a randomized complete block design (RCBD) with 10 blocks.
160  Each block had 48 spaced plants, with three replicates of each genotype, totaling 480 plants, with
161 479 available for analysis after one succumbed to transplantation shock. Further details regarding
162  the field layout are provided in Supplementary Methods 1 (Methods S1).

163 Cotton Ultra-Dense Temporal Phenomic Data and Photogrammetry

164 Daily cotton drone flights began 17 April 2024 and ended 30 August 2024. Of 106
165  completed flights, 101 were suitable for downstream analysis. Flights at 46, 71, 72, 99, and 100
166  days after transplanting (DAT) were removed due to quality issues. Five-band multispectral images
167  were captured with a DJI Phantom 4 Multispectral drone. Sensor details and photogrammetry
168  methods are described in Methods S1.

169  Mixed Function-On-Scalar Distributional Regression Model for Phenomic Data

170 The model from Matabuena and Crainiceanu (2024) facilitated testing the effect of
171  Genotype, a functional fixed effect (Loewinger et al., 2025) on temporal quantile functions in
172 cotton. Differences in phenotypic variation are attributable to unique introgressed G. tomentosum
173 segments operating within a G. hirsutum background, making Genotype the fixed effect of primary
174  interest. Temporal senescence or stay-green phenotypes using mean VI values (DeSalvio et al.,
175  2024) served as the hypothesized behavior of the CSLs and CSSLs (Table S1). The implementation
176  of the model starting from orthomosaic image files is summarized as follows: 1) extract individual

177  experimental units (EUs, single plants in the cotton analysis) at each time point from orthomosaics
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178  (Methods S1); ii) using RGB band values, evaluate VIs for every pixel in the EU; iii) calculate a
179  quantile function for the EU; iv) evaluate the quantile function at 100 steps from 0.01, ...,1.00; v)
180  aggregate data across time to enable testing for Genotype effects along the quantile continuum
181  using mixed linear models at each quantile level. Random effect covariates, including Range (Y
182  spatial field axis), Row (X spatial field axis), and Replicate (of Genotype) mitigated field spatial
183  wvariation. A random intercept was specified for each Replicate, while Range and Row were
184 allowed random slopes. The fastFMM R package (Loewinger et al., 2025) fit the model,
185  implementing the fast univariate inference (FUI) approach for longitudinal functional data (Cui et
186 al., 2022). The functional mixed model enables assessment of both extent and location within the
187  quantile domain where Genotype exerts a statistically significant impact (if any) on each chosen
188 VI, affording unique insights not offered by conventional mixed models with explainability, unlike

189  many deep learning frameworks.

L K
190 Qij(p) = injl.Bl(p) + zziijik(p) + Wij(p);Eq. 1

=1 k=1
191 In this model, Q;;(p),p € [0,1] indicates the random quantile function for plant i =

192 1,..,n, where n = 479, measured at DAT j = 1, ..., J;. The functional domain is the space of
193 quantile functions, ranging from [0, 1] at intervals of 0.01. All plants had the same number of
194 observations, i.e., J; =] for all plants, with j = 101 drone flights. X;; indicates L fixed effects
195  covariates (Genotype was the only fixed effect, containing 16 levels), §;(p) indicates the fixed
196  effect parameter for the Genotype at quantile level p, Z;j; indicates K random effects covariates
197  (three: Range, Row, and Replicate), U;(p) denotes plant i’s random functional effect at
198  probability p, and W;;(p) accounts for unexplained residual variation. Uy (p) and W;;(p) are

199 assumed to be zero mean square integrable processes. W;;(p) is assumed to be uncorrelated with
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200 the random functional effects U;, (p), however U;;, (p) can demonstrate intra-function correlation.
201  Specific algorithmic details regarding fitting Eq. 1 are presented in Matabuena and Crainiceanu
202 (2024).

203  Maize Methods

204  Field Experiment Design - Maize

205 The 2020-2021 Genomes to Fields (G2F) maize hybrid experiment phenotypic,
206  environmental, and soil data were described in Lima et al. (2023). Briefly, 1,184 hybrids with
207  publicly available genotyping data were evaluated in 30 locations. Hybrids were produced by
208  crossing doubled-haploid inbreds from the Wisconsin Stiff Stalk MAGIC population with three
209  ex-PVP inbred testers (PHP02, PHK76, and PHZ51) adapted to Northern, Midwest, and Southern
210  locations, respectively. Data presented are from I1AH4.2021, MIH1.2020, MNH1.2020,
211  MNHI1.2021, TXH1.2020, TXH2.2021, WIH1.2021, WIH2.2020, WIH2.2021, WIH3.2020, and
212 WIH3.2021 environments (combination of location and year), with the first two letters being the
213 state. In each environment, hybrids were planted in a modified RCBD generally with two
214  replicates.

215  Maize G2F Temporal Phenomic Data Capture

216 Maize image capture from the G2F experiments was conducted at different sparse dates in
217  each environment ranging from 10-25 flights in each environment (Supplementary File 1), but the
218  entire developmental trajectory was captured from emergence through senescence in each case.
219  RGB images were used for all presented G2F maize environments. Details for extracting single
220  experimental units (cotton - single plants; maize — plots) with shapefiles and subsequent vegetation
221  index extraction are provided in Methods S1.

222 Yield Prediction and Feature Importance Quantification with Maize Distributional Data

10
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223 To empirically determine whether distributional data could improve predicting and
224 understanding an end trait (e.g., grain yield), the caret (Kuhn, 2008) and g/mnet (Friedman et al.,
225  2021) R packages were used to implement elastic-net regularization (Zou & Hastie, 2005), which
226  was chosen due to the n > p data structure arising from a modest number of maize hybrid
227  genotypes with a large number of distributional predictors (<100 quantiles x the number of flights
228  for each environment). The implementation details of elastic-net regression are provided in
229  Methods S2. Variable importance scores and correlations between actual and predicted grain yield
230  values were extracted from the top-performing models. A sensitivity analysis used varying degrees
231  of data truncation after removing extreme quantiles to identify stably important variables for
232 predicting grain yield. Analyses were conducted separately for each of the 11 G2F environments
233  using grain yield (t/ha) best linear unbiased estimators (BLUEs) as response values and
234 distributional VI BLUEs as predictors. BLUEs in both cases were calculated using an analysis of
235  variance model (ANOVA) (labeled AM3; detailed below) after setting the Genotype factor as a
236  fixed effect in /me4. BLUEs were best suited for this two-stage analysis (Holland & Piepho, 2024).
237  Correlation Analysis of Maize Quantile Phenomic Data

238 To evaluate redundancy or novelty of temporal quantile data, Pearson correlation matrices
239  were calculated for each DAP within each G2F environment. For within-environment temporal
240  correlation figures, each correlation matrix was stacked by DAP to create a 3D array (100 quantiles
241  x 100 quantiles x number of flights for that environment). The Fisher transformation (Fisher, 1915;
242 Hotelling, 1953) was applied (the atanh() R function) element-wise, z values were averaged across
243  the flight dimension, and the inverse was obtained with the tanh() R function to produce an

244  averaged correlation matrix. For an across-environment average correlation matrix, the array was

11
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245  created by stacking correlation matrices from all environment/DAP combinations before applying
246  the transformation.

247  Visualization of Raw Data

A B

NDVI Value
1
~ o
S & & ®w * ¥ % 0.8
Quantile Level \’
c D 0.6
0.4
0.9
0.9 0.2
0.81 i 0
) '
2
L 0.7
>
@)
Z 0.6 K
0.51
1 0.4+ T T T 1
- - - 0 0.2 0.4 0.6 0.8 1
¥ 8 &8 8 ¥ 3 .
Quantile Level
248 DAT

249 Figure 2. Normalized difference vegetation index (NDVI) quantile functions calculated for a single cotton plant
250 within each drone flight (indexed by days after transplanting, DAT). (A) Presents the quantile functional domain of
251 plant 5016_07 (Genotype 5016, TM-1, replicate 7) closest to the reader with a conventional median value for each
252 DAT shown in black at quantile 0.50 (the median trajectory was smoothed with a 1D spline). Quantiles were

12
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253 calculated at each 0.01 interval from 0.01 to 1.00 and plotted as continuous lines; (B) intermediate view highlighting
254 that each quantile function’s results are indexed by DAT; (C) DAT axis closest to reader showing overall shape of
255 the NDVI quantile function surface across time from transplanting through senescence; (D) 2D representation of the
256 temporal quantile data representing the variation in NDVI values among the quantile functions indexed by DAT.

257  Dashed vertical line indicates the median.

258

259 The 3-dimensional (3D) nature of VI quantile data is shown in Fig. 2 and accompanying
260  Supplementary Video 1 (Video S1). Normalized difference vegetation index (NDVI), commonly
261  used in plant biology as a proxy for vigor, using a single plant (Genotype 5016, TM-1 replicate 7)
262  tracked across the entire experiment serves as an example. Since quantile functions are monotonic,
263  the NDVI value corresponding to probability p + 0.01 cannot be smaller than quantile level p. For
264  example, at DAT 35 and p = 0.20, the quantile function returns the NDVI value at which 20% of
265  the data fall at or below that value (0.58). Fig. 2 reveals substantial ignored variability when relying
266  on only mean or median values. Fig. 2B and 2C demonstrate that data from a single plant can be
267  viewed as a surface existing in 3D space, and 2D emphasizes the total variability in the data for
268  one plant.

269  Combined Methods (Cotton and Maize)

270  Calculation and Visualization of Heritability

271 Heritability, a summary statistic of variance components, quantifies the variation
272 attributable to genetics as opposed to other nuisance factors and is a gold standard for objectively
273  comparing different traits or evaluating new measures versus old ones within experiments.
274  Heritability of VI temporal distributional data is detailed in Table 1. All models (Methods S2) were

275  implemented in R version 4.4.2 (R Core Team, 2024) using /me4 (Bates et al., 2015). Excluding

13
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276  intercepts, all model components were treated as random effects to study the proportion of
277  variation (variance components) each explained within the vegetation index data.
278
279 Table 1. Analysis of variance (ANOVA) models used in this study with model abbreviations and data sets. AM
280  indicates ANOVA model; HM indicates heritability model; DAT - days after transplanting for cotton; DAP - days after
281 planting for maize G2F. Italics indicate the variance component of primary interest.
ANOVA Model Data Type Description Purpose
Abbreviation (Heritability
Model Abbreviation)
AMI1 (HM1) Standard VIs Across all DATs Quantify Genotype x DAT
(median) interaction
AM2 (HM2) Standard VIs Within each DAT Quantify heritability and
(median) Genotype variance at each
DAT
AM3 (HM3) Distributional Per quantile level Quantify heritability and
data within each DAT Genotype variance within
each DAT/quantile
combination
AM4 (HM4) Distributional Within quantile level ~ Quantify Genotype x DAT
data across DATs interaction at each quantile
level
AMS5 (HM5S) Distributional Within DAT across Quantify Genotype x
data quantiles Quantile interaction

282
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283 The distributional nature of images can be visualized as a relation between each pixel’s VI
284  value and the global distribution of VI values from all pixels across all images within a specific
285  flight (since AM3 and HM3 were evaluated at every DAT/quantile level combination). Novel
286  heritability activation maps (HAMs) were created using the empirical cumulative distribution
287  function (eCDF) within each flight date to map each pixel’s VI value to a heritability value

288  obtained from HM3. The eCDF for a set of observations x4, x5, ..., X,, 1s defined as:

n
1
289 E,(x) = —Z l(x,<x}; Equation 2,Eq.2
e
290 Each x is the value obtained after evaluating a pixel’s VI value within one image in one

291  flight date (DAT) and n is the total number of valid pixels across all images within that flight.
292 Previously, the VI values at specific quantiles for each image were obtained using np.quantile()
293  before analyzing these data with ANOVA models (Table 1; Methods S2). With heritability results
294 from HM3, the eCDF was used to map each pixel’s VI value to its position within the overall
295  distribution of VI values for each flight date and return a quantile. The input is a VI value that
296  produces a quantile level, whereas previously the quantile function for an image was evaluated to
297  output a VI value at that quantile. For example, if a pixel’s eCDF value within a single-plant image
298  at DAT 86 is 0.60 (the 60™ percentile), the heritability value associated with the 60" quantile can
299  Dbe obtained from the ANOVA results (HM3), and a heritability intensity can be assigned to that
300 pixel. Programmatic details of the eCDF method are provided in Methods S2.

301

302  Results

303  Function-on-Scalar Regression Quantifies Extent and Location of Cotton Introgression Segments

304  Impacting the Phenome

15
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Function-on-scalar regression for 16 different cotton genotypes quantified significance of cotton

introgression segments on temporal phenomic data (the ExG2 vegetation index). Eq. 1 tested the hypothesis that

unique introgression segments each cotton genotype possesses affected spectral characteristics throughout growth

across all days after transplanting (DATs). Pointwise unadjusted confidence intervals (dark gray) are shown within

correlation and multiplicity adjusted confidence intervals (light gray) (Crainiceanu et al., 2024). Specific regions of

the quantile domain with different Genotype effects are significant at a quantile level(s) if the confidence intervals do

not overlap with 0. Genotype 5016 was the reference, and other estimates (BGenotype (s)) are interpreted as the mean

difference in ExG2 values between that genotype and the reference at quantile level p.

The function-on-scalar distributional regression model (Eq. 1) allowed significance testing

of 16 cotton genotypes to determine whether differences existed in vegetation index (VI) values

between the genotypes at each quantile level. The estimated functional coefficients (Fig. 3) are
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318  depicted for the ExG2 VI. Interpretation of the functional coefficients is in context that higher
319  ExG2 values correspond to healthier plant tissue (ranging from -1, unhealthy, to 2, healthy; Table
320  2) and that Genotype 5016 (TM-1 commercial check) was the reference factor level (intercept).
321  Other genotype plots show mean changes from the reference at each quantile level p. Eq. 1 fit data
322 from all time points, so conclusions about statistical significance can be made for regions of the
323  quantile domain, not the time domain. For quantiles corresponding to p > 0.2 up to approximately
324 p = 0.95, effects of Genotype 5001 had significantly lower ExG2 values, consistent with its
325  previous senescence phenotype (Supplementary Results; Table S1).

326  Temporal Drone Flights Provide Whole-Season Insights into Heritability and Variance
327  Components for Cotton and Maize

328 Daily drone flights (cotton) and sparse temporal G2F flights (maize) quantified the
329 influence of Genotype on routine (median values per time point) phenomic data when analyzed at
330  the whole-season level (AM1) and for each flight (AM2) with median VI data (Supplementary
331  Results; Supplementary Fig. 1; Fig. S1).

332 Novel Quantile Levels are more Heritable than the Median and Show Dynamic Within-Day

333 Variance Components and Heritability

17
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Figure 4. Variance explained by component (V.E.C.) for different quantile levels within (A-B) and across (C) time

points in cotton and maize. (A) Variance components (AM3) and heritability (HM3) in cotton across all quantiles for

five example dates. An ANOVA model (AM3) was evaluated for each combination of vegetation index (VI), day after

transplanting (DAT), and quantile level, producing the most granular analysis tested (quantiles 0.01-1.00 in increments

0f 0.01 per DAT). (B) Similar model results for TXH1.2020 G2F maize data; DAP — days after planting; (C) Variance

components (AM4) and heritability (HM4) after analyzing the distributional vegetation index (VI) data set (cotton)

within each quantile level across time points (days after transplanting, DAT). AM4 and HM4 evaluated Genotype X

DAT interaction across the quantile domain. VI acronyms: PSRI — plant senescence reflectance index; CVI —
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343 chlorophyll VI; ExG2 — modified excess green VI; ExG_TP — modified excess green VI; COM1 — combined index 1;

344  ExGR — modified excess green VI; ExR — excess red VI; GminusR — green minus red index.

345

346 Within-day variance decomposition was explored to assess heritability and explanatory
347  power of Genotype for VI data along the quantile domain for each flight date. A large volume of
348  quantitative tabular data was produced per cotton plant (989,800 points per plant; 98 VIs x 101
349  flight dates x 100 quantile levels) and maize plot (62,900 data points per plot; 37 VIs x 17 flight
350  dates x 100 quantile levels in TXH1.2020), 100-fold more than the mean or median alone. For
351  cotton, the median tended not to be the most heritable quantile level regardless of the VI analyzed
352  (Table 3). Similar results were observed with aggregated data from all 11 G2F environments, with
353  an exception noted in TXH1.2020 (Tables S2-3).

354 Cotton: the median was the 46" most heritable quantile level (H? = 0.916) across five
355  example DATs and four VIs (Fig. 4A) and 13" across all dates (H? = 0.839).These models extend
356  mixed models to be applied at each quantile level separately within each DAT, facilitating variance
357  component and heritability analysis across the quantile functional domain and the time domain.
358  Heritability tapered at the extremes of the quantile domain (toward 0.01 and 1.00, Fig. 4A), which
359  was expected given these regions capture outlier plant pixel values in each VI distribution for each
360 plant. Five days throughout growth were chosen across the season to highlight differences in
361  variance in the VIs and heritability attributable to Genotype, both across the time and quantile
362  domains. All cotton VIs showed trends of increasing Genotype variance toward the middle of the
363  season, consistent with standard VIs (Fig. S1B), while maize Genotype variance was highest
364  toward the end of the season (Fig. 4B; Figs. S4-14). More genetic variance was observed in maize

365  than cotton because the G2F maize population was larger and more diverse while the cotton
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366  population was small (16 genotypes) and nearly isogenic. Heritability was higher in cotton because
367  there were more replicates that minimized the influence of residual error (HM3).

368 Fluctuations of heritability were observed from day to day, so the only recorded
369 confounding variable, the hour of flights, was investigated. AM2 revealed nonsignificant
370  correlations between flight time of day and heritability in both cotton and maize (Figs. S2-3),
371 indicating detectable changes in developmental processes in adjacent flights not attributable to
372  imaging and lighting effects.

373 Maize: when data were pooled across all 11 G2F environments from AM3 variance
374  components, the median was the 14" most heritable quantile level (H? = 0.633). However, across
375 17 flights in one location, TXH1.2020 (100 quantile levels X 17 flights = 1,700 ANOVAs), the
376  median was the most heritable quantile level (H? = 0.563) aggregated for all flight dates and Vs
377  (Table S2). The VI explained best by Genotype in TXH1.2020 was ExGR (28.6%; Table S2) across
378 all flight dates and quantile levels, which was also true when aggregating data from 11
379  environments (ExGR Genotype variance = 32.2%; Table S3). The most heritable VIs and their
380  formulas in TXH1.2020 and aggregated across 11 G2F environments are given in tables S4 and

381 S5, respectively.

382 Table 2. Highest-heritability VI formulas and heritabilities for multispectral and RGB VIs in single plant cotton

383 analysis. Values denote the median across all DATs and quantile levels from HM3.

VI Name Formula Reference Heritability
PSRI R—-G (NV5 Geospatial 0.886
RE
Solutions, 2025)
CVI NIR X R (Soft.Farm, 2025) 0.859
G2
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ExG2 26—R-B N/A 0.884
R+G+B
ExG_TP 26 R B N/A 0.884
R+G+B R+G+B R+G+B
Table 3. Range of highest and lowest heritability days, VIs, and quantile levels in single plant cotton model HM3
along with genetic variance. The median was used to summarize across all other metrics than those presented. In each
case, the top/bottom three most/least heritable results are presented in descending order.
Metric Heritability Method of Calculation
DAT 106 0.915
Median heritability
DAT 120 0.914
calculated across all VIs
DAT 105 0.913
and quantile levels
DAT 48 0.333
(top/bottom three
DAT 42 0.323
most/least heritable)
DAT 45 0.312
Quantile 0.49 0.840
Quantile 0.37 0.839
Median heritability
Quantile 0.38 0.839
calculated across all DATs
Quantile 0.50 0.839
and Vs (top/bottom three
(median)
most/least heritable,
Quantile 0.99 0.739
median)
Quantile 0.01 0.708
Quantile 1.00 0.628
PSRI 0.886
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ExG2 0.884 Median heritability
ExG TP 0.884 calculated across all DATs
REGDVI 0.668 and quantile levels

MNDRE2 0.654 (top/bottom three
MRCC 0.640 most/least heritable VIs)
Vegetation Variance attributable to Genotype Method of Calculation

Index

ExG2 15.4% Median variation
ExG TP 15.4% attributable to Genotype

GCC 15.4% calculated across all DATs
MNDRE2 3.9% and quantile levels
REGDVI 3.9% (top/bottom three

MRCC 3.1% highest/lowest percentages)

Temporal Distributional Data Enabled Analysis of Genotype*Time Interaction at Different

Quantiles (AM4 and HM4) and Genotype xQuantile Interaction at Different Days (AM5 and HM3)

AM4 and HM4, testing for Genotype x Time interactions, revealed the 99 other ANOVA

and heritability results (Fig. 4C) not possible to calculate with AM1 and HM1 that only considered

the median of the VI distributions (quantile level 0.50). Similarly, AM5 and HMS5 enabled

quantification of Genotype x Quantile interactions at each step along the quantile domain (Fig.

S15). RGB VIs (ExG2 and ExG_TP) were best explained by Genotype in the lower regions of the

quantile domain using AM4 with the added Genotype x DAT interaction effect not included in

AM3 (Fig. 4C), suggesting this phenomenon was stable across time in this experiment.
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398  Heritability Attention Maps (HAMs) Link Per-Pixel Heritability with Developmental Stages
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399

400 Figure 5. Heritability attention maps (HAMs) for cotton (A) and maize (B). Heritability data was used from AM3 in
401 Eq. 2 with all RGB images associated with each time point. Per-pixel heritability values are given for single-plant

402 cotton images where numbers at the top of each image/HAM pair indicate the flight date in days after transplanting
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403 (DAT) for cotton (A) or planting (DAP) for TXH1.2020 maize (B). Maize day 88, with low heritability, was chosen

404  in contrast to flanking higher heritability dates.

405

406 Heritability attention maps (HAMs) generated from Eq. 2 for cotton (Fig. 5A) and maize
407  (Fig. 5B) revealed the pixel-by-pixel genetic nature of the distributional data contained in each
408 1image of a plant (cotton) or across a plot (maize). These visualizations provide a granular and
409  explainable depiction of the mixed model results (Fig. 4A-B), highlighting specific regions of
410  plants and plots with high or low heritability. The highest heritability was observed close to 90
411  DAT in cotton, with less heritable pixel values in early and late flights. For maize, heritability
412 generally increased toward the end of the season (e.g., 111 DAP), yet higher heritability flights
413  were also observed during tasseling (e.g., 68 DAP), and vegetative growth (e.g., 47 DAP). Lower
414  heritability dates (e.g., 88 DAP) interrupted high heritability dates. Given the nonsignificant
415  correlations between heritability and flight time of day in both cotton and maize (Figs. S2-3) this
416  was most likely an unknown biological phenomenon.

417  Distributional Data Enable Higher Grain Yield Predictions than the Median Alone in 11 G2F

418  Environments
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419
420 Figure 6. Correlations between actual and predicted grain yield values after training elastic-net regressions with
421 ExGR vegetation index (VI) data to predict grain yield separately within each environment. The “All Environments”
422  pane reports average correlations across all the G2F environments in the analysis. ”"Median” indicates that

423 regressions had access to only the median VI values; “all” indicates all data were retained as predictors (100 quantile
424 levels x the number of flights), “01 1” indicates quantile levels 0.01 and 1.00 were removed, and “01 25 76 1”7
425 indicates quantile levels between 0.01 to 0.25 and between 0.76 to 1.00 were removed before training and testing the

426  elastic-net regression.
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428 Figure 7. Variable importance scores using ExGR distributional data as predictors of grain yield in TXH1.2020 G2F
429 maize. Column titles are drone flight dates in days after planting (DAP). Row labels indicate the level of data filtration
430 of the distributional predictors. “All” indicates that all data were kept as predictors (100 quantile levels x the number
431 of flight dates), “01 1" indicates quantile levels 0.01 and 1.00 were removed, with “01 25 76 1” indicating that
432 quantile levels between 0.01 to 0.25 and between 0.76 to 1.00 were removed before training and testing the elastic-
433 net regression. A zoomed in image of day 68 (Fig. S26) shows clumps of points are relatively smooth curves. Videos

434 S2-4 show the progression of regions of three maize plots highlighted by each quantile level.

435 Elastic-net regression enabled 1) direct comparisons of prediction ability between median-
436  only and distributional predictors (Fig. 6) and 2) quantification of variable importance scores for

437  predicting grain yield from distributional data across 11 G2F environments (TXH1.2020 in Fig. 7;
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438  other environments in Supplementary Figs. 16-25). Across and within every G2F environment, at
439  least one model trained with distributional data predicted yield with higher correlations to actual
440  yield than median-only regressions (Fig. 6). Aggregated across environments, distributional
441  predictor regression outperformed median regression by 12.7%-21.6% (Fig. 6, top left). The
442  extreme distributional quantiles were less heritable (Fig. 4), containing spurious points and pixels.
443  Descending from the top of Fig. 7 are stricter levels of data quantile truncation, starting with
444  retaining all data, removing quantiles 0.01 and 1.00, and lastly removing quantiles 0.01-0.25 and
445  0.76-1.00. Surprisingly, distributional predictors other than the median were retained by shrinkage
446  and variable selection. For example, in TXH1.2020 DAP 68 (tassel emergence in this
447  environment), the 0.39 quantile level had nonzero variable importance scores in all data filtration
448  scenarios (Supplementary Fig. 26; Videos S2-4). Similar phenomena were observed in other
449  environments such as WIH2.2021 DAP 111, where the 0.28 quantile level had variable importance
450  scores ranging between 10.1% and 35.3% for all scenarios (Fig. S23).

451  Correlation Gradients of Temporal Quantile Phenomic Features
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452
453 Figure 8. Fisher-adjusted mean correlations were calculated across days after planting (DAPs) for each maize G2F
454 environment separately and across DAPs for data pooled across all 11 environments (the “Combined” panel of the

455 figure). Temporal correlations between quantile levels decayed moving from one side of the quantile domain to the

456 other.

457 A correlation analysis was conducted to screen for redundancy of distributional data.
458  Fisher-adjusted mean correlations among quantile levels across DAPs within G2F environments
459  and pooled across all 11 environments revealed decaying temporal correlations moving from one
460  side of the quantile domain to the other (Fig. 8). This demonstrated that adjacent quantiles (e.g.,
461  0.25 and 0.26) were highly correlated, but distant quantiles (e.g., 0.25 and 0.75) added unique
462  information as seen in the elastic-net prediction variable importance results (Fig. 7; Figs. S16-26).

463  The environments with the narrowest and widest ranges of correlation coefficients were
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464  MIHI1.2020 (0.52-1.00) and MNH1.2020 (0.09-1.00), respectively, while correlations ranged
465  between 0.25-1.00 when data were combined across all environments.

466

467  Discussion

468 Overall, the analyses presented for cotton and maize demonstrated that distributional
469  quantile data captured novel temporal dynamics of plant growth and senescence through three case
470  studies. 1) A novel mixed function-on-scalar distributional regression implementation for cotton
471  phenomic data revealed statistically significant effects of inter-species introgression segments at
472 specific regions of the quantile domain. ii) Elastic-net regression showed that distributional maize
473  data was both useful for prediction ability, leading to higher correlations between actual and
474  predicted yield, and important, as shown by nonzero elastic-net variable importance scores at
475  quantiles besides the median. ii1) Within-day variance decomposition was supported by a novel
476  per-pixel heritability visualization method that revealed developmental stage-specific
477  explainability (e.g., high H? pixels near male anthers during flowering in maize and toward the
478  edges of leaves at the onset of senescence in both crops). Python scripts developed for this study
479  can be extended to other crops and potentially other kingdoms’ temporal imaging data. The
480  explainability of the proposed methods coupled with application across two crops and multiple
481  environments indicate the importance of distributional data analysis for discovering developmental
482  biological features, prediction of end traits, and characterizing phenotypic plasticity, with
483  applications for understanding plant responses to abiotic stresses.

484 Several challenges of using phenomic features from temporal imaging for biological
485  discovery and for predicting end traits across diverse environments were addressed. One challenge

486 i1s a lack of numerous, consistent, annotated phenomic feature predictors (like gene ontologies),
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487  addressed by extracting different quantiles within experimental units at each time point. This
488  distributional data approach assessed 100x more features than were previously available through
489  quantiles in 0.01 increments for each image. Although adjacent quantiles were highly correlated,
490 lower correlations (Fig. 8) and importance in yield predictions were observed with distanced
491  quantiles (see quantile clusters in Fig. 7; Fig. S26). Another challenge is in integrating
492  developmentally unlinked observations and sparse temporal data across environments. In the
493  maize G2F case, populations experienced different weather and photoperiods, and thus biological
494  development across each environment, making DAP technically but not biologically optimal for
495  alignment. Even within environments, genotypes can perceive photoperiods differently
496  conditioned on temperature (Drouault et al., 2025). Furthermore, for maize, each environment’s
497  images were sparsely collected at different times. Finally, lack of explainability (common with
498  deep learning frameworks) is a major challenge of high-dimensional phenomic data, which cannot
499  be manually measured or ‘“ground-truthed”. This was addressed by developing heritability
500 attention maps (HAMs), providing a pixel-by-pixel overlay of the heritability of image features
501  for each VI within each observation date. HAMs revealed that among the most heritable quantile
502  features in maize were pixels around the tassels at flowering (DAP 68, Fig. 5B) as well as the leaf
503  edges at the initiation of senescence (DAP 111). While deep learning methods continue to
504  demonstrate consistently impressive results for plant imaging applications, they suffer from
505  varying degrees of explainability (Mostafa et al., 2023; Rudin, 2019) that complicates direct
506  applicability. Explainability was facilitated through HAMs coupled with function-on-scalar
507  regression that visualized and highlighted the location in the continuum (quantile in this case,
508  though time could be used) and magnitude of the influence of predictors such as Genotype (Fig.

509 3).
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510 Viewing plant phenomic data as distributions across the range of image pixels instead of
511  single number summaries per image (e.g., mean, median) was motivated by analyses of medical
512  wearable data (Ghosal & Matabuena, 2024; Matabuena & Crainiceanu, 2024). Visualization
513  allowed novel insights to be derived from distributional data, such as a unique trajectory from
514  planting to peak greenness through senescence for the individual plant or plot chosen for the
515  visualization (shape of the sheet in Fig. 2). Such insights are lost by only retaining scalar summary
516  trajectories for downstream analysis. While VIs were used in this study, the methods are extensible
517  to other phenomic features currently described by summary statistics, such as texture and canopy
518  structural variation, which could lead to distributional data calculated from 3D models of
519  experimental units instead of the 2D images used in this study.

520 Temporal quantile data afforded multiple types of mixed model analyses (Table 1), the
521  most granular of which was AM3 and its associated heritability model (HM3). Variance
522 components and the resulting heritabilities in cotton (Fig. 4A) and maize (Fig 4B; Figs. S4-14)
523  were dynamic both within and across drone flight dates (Fig. 4C). Traditional VI scalar summaries
524  were not the most heritable for data pooled across 11 sets of maize G2F flights or across the 101
525  cotton flights. Interestingly, variance attributable to cotton Genotype and resulting heritability
526  when analyzing only the median quantile (Fig. S1B) tended to be highest toward the middle of the
527  season. However, this median-only analysis missed quantile levels that exceeded the median
528  heritability both in cotton (Fig. 4A) and maize (Fig. 4B). Distributional data analysis has the
529  potential to provide richer insights into plant development and to improve trait prediction (Fig. 6),
530  all without requiring any modifications to existing phenomic data capture protocols.

531 Further, sensitivity analyses of elastic-net models across 11 maize G2F environments

532  demonstrated that distributional predictors explain new biological information not captured by the
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533 mean or median, indicating non-median quantile levels consistently had non-zero (often
534  substantially above zero) variable importance scores even as quantiles at the edges of the
535  distribution were removed (Fig. 7). Grain yield prediction ability improvements of elastic-net
536  regressions trained with distributional predictors vs. median-only predictors ranged between
537  12.7%-21.6%. In TXH1.2020, the 0.39 quantile level had variable importance scores ranging
538  between 10.0% and 40.9% across nine data filtration levels (Fig. S26). Intriguingly, dates with
539  minimal genetic signal occasionally appeared predictive, presumably due to leverage from residual
540  soil/background pixels, thus motivating stricter plant-soil segmentation (e.g., Otsu (Otsu, 1975))
541  (Fig. 7; Figs. S16-25, Videos S2-4).

542 The results from the fast univariate implementation of the functional mixed model (Eq. 1)
543  (Cui et al., 2022; Loewinger et al., 2025) allowed interpreting the effects of cotton Genotypes on
544  specific regions of the quantile domain. This novel model tested the hypothesis that different
545  genomic introgression regions exerted a significant effect on phenomic data. Other fixed effects
546  covariates of interest could be included, and /me4 users will recognize an intuitive approach to
547  programming fixed and random effects in the fastFMM package (Loewinger et al., 2025). The
548  phenotypic stability of cotton lines evaluated in this study with their prior performance (DeSalvio
549 et al., 2024) suggests the presence of G. tomentosum introgressions that could be targeted for
550  drought- or stress-tolerance breeding.

551

552 Conclusions

553 Considering pixels from temporal images of individual experimental units as distributions
554  instead of scalar summaries can provide novel biological insights and enhance prediction abilities.

555  Analyses of quantile functions evaluated for images of single plants and plots discovered more
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556  heritable phenomic features than conventional mean and median scalar summary values. Many
557  quantiles were imperfectly correlated with each other and with the median. The novel functional
558  mixed model (FMM) proposed presents the first analysis of functional fixed effects for temporal
559  drone imagery. Sensitivity analyses indicated that despite removing large parts of the quantile
560 domain, stable distributional predictors for maize grain yield could be identified, supporting the
561 improved prediction abilities of 12.7%-21.6% facilitated by distributional predictors over the
562  models trained with the median. Lastly, a novel data visualization method (heritability heatmaps,
563 HAMs) was proposed to link heritability to pixels within images of single experimental units
564  (plants or plots), highlighting biologically relevant signals such as maize tassel emergence and
565  senescence initiation within phenomic distributional quantile data.
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