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Abstract

Phenomic traits can support soybean breeding when genetic signal, temporal redundancy, 
and uncertainty are evaluated together. We assessed 30 tropical soybean genotypes in 
ELO_25A using chlorophyll fluorescence and SPAD measurements, UAV-derived RGB in-
dices, and agronomic traits across developmental stages. Spatial mixed models, with PAR 
as the sole physiological covariate, provided adjusted means, BLUPs, Cullis generalized her-
itability, and prediction-error covariance. Targeted reduced-rank models assessed temporal 
structure, and equal-weight PCA with propagated uncertainty summarized six retained 
features. Genetic precision varied with development and was strongest at R3–R4. Model 
comparisons favored rank-one summaries for SPAD V5–R3 and GLI R3–R4–R6, with pro-
portionality imposed by the selected structure, whereas SPAD R6 provided distinct late 
information. PC1 explained 39.12% of standardized variation and contrasted R3 energy 
regulation with chlorophyll status. It was associated with plant height and pod number 
(r = 0.550 and 0.560; both q = 0.006) but not yield (r = 0.056; q = 0.822). Genotype scores 
formed a continuum, and no cluster solution met the stability criteria. The results sup-
port stage-aware feature reduction, germplasm discrimination, and efficient phenotyping 
within ELO_25A, but do not validate yield prediction or indirect selection. Validation across 
environments and independent populations is required before use in plant breeding.

Keywords: plant breeding; chlorophyll fluorescence; Cullis heritability; genetic covariance; 
RGB vegetation indices; soybean

1.  Introduction
High-throughput phenotyping (HTP) allows soybean breeders to observe plant func-

tion and canopy development before yield and other end-of-season traits are available. Its 
value depends on whether those measurements are biologically interpretable and practical 
to collect at breeding scale [1–3]. MultispeQ records describe photosystem II regulation 
and energy dissipation [4–6], while UAV-RGB imagery captures plot-level differences in 
canopy greenness and development [7,8]. Soybean applications have been encouraging, 
but most were developed with large populations, repeated environments, spatially adjusted 
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trials, or canopy time series [9–13]. Evidence obtained under those conditions cannot be 
assumed to apply to a small tropical panel grown in one environment.

For breeding decisions, repeatability is only one part of the evidence. A trait may 
differ among genotypes and still duplicate another measurement, appear during a narrow 
developmental window, or have little connection with the target outcome. Conversely, 
lack of association with yield does not remove its physiological meaning. The trait may 
still distinguish lines, reveal a response not captured by other sensors, or help determine 
when field measurements are worth taking. In an early-stage program, a small set of well-
timed measurements may therefore be more useful than a high-dimensional prediction 
system [14,15].

Timing complicates this assessment. Stagewise heritability measures the precision of 
genetic differentiation at one stage but says nothing about whether the same genotypic 
pattern persists at another. Temporal covariance models address that gap by distinguishing 
shared expression from stage-specific behavior. This distinction is useful when the aim is 
to remove redundant measurements or identify an earlier proxy. Reduced-rank structures 
are especially attractive for small panels because they require fewer covariance parameters, 
although their rank constraint limits the interpretation of the fitted correlations.

Tropical soybean breeding in Colombia offers a relevant setting for this evaluation. 
Regional work has documented agronomic variation and the usefulness of mixed-model 
prediction in locally adapted germplasm [16–18]. Programs working under these conditions 
also need affordable ways to combine field physiology, consumer-grade RGB UAVs, and con-
ventional agronomic records. In a single-environment experiment, however, the analysis can 
describe genetic organization within that trial but cannot demonstrate multi-environment 
selection value.

The immediate questions are whether genotypes can be distinguished with adequate 
precision, which stages carry repeated or complementary information, and whether the 
resulting phenomic pattern agrees with agronomic performance in the same environment.

We addressed these questions by estimating stage-specific genetic signal after spa-
tial adjustment, then modeling temporal covariance for the repeated traits that remained 
estimable. A reduced phenomic panel was assembled from nonredundant physiological 
and UAV-RGB measurements, and uncertainty in the adjusted means was carried into the 
multivariate analysis. Finally, we examined concordance with yield, plant height, and pod 
number within ELO_25A. We expected some measurements to describe the same temporal 
dimension and others to add stage-specific information; neither outcome was assumed to 
imply yield association or discrete genotype groups.

2.  Materials and Methods
2.1.  Field Environment, Plant Material and Design

We conducted the ELO_25A trial during the first semester of 2025 at La Eloísa Ex-
perimental Station in Obando, Valle del Cauca, Colombia (4.6202° N, 75.9955° W; 917 m 
a.s.l.). The crop was sown on 15 April and harvested on 12 August 2025, spanning a 
119-day field cycle; see Figure 1. Daily weather records from NASA POWER were used only 
to characterize the growing period and were not interpreted as plot-level microclimatic 
observations [19].

The panel comprised 30 soybean (Glycine max [L.] Merr.) genotypes: 25 proprietary 
experimental lines from the GS series and five reference materials. The lines were supplied 
by Granbras Sementes Ltda. (commercially known as Great Seed; Paracatu, Minas Gerais, 
Brazil). According to information provided by the company, they were selected from an 
initial set of 100 experimental materials based on their agronomic adaptation and favorable 
grain-yield performance in evaluations conducted in Brazil. ELO_25A represented their 
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first evaluation under Colombian growing conditions, with the purpose of characterizing 
their agronomic and phenomic performance and examining their adaptation to the target 
environments. Thus, the panel was assembled for breeding evaluation rather than to 
represent or maximize soybean genetic diversity.

Figure 1. Geographic setting and UAV orthomosaic of the ELO_25A soybean experiment in Colombia. 
The left panels locate the experimental site within South America, Colombia, and Valle del Cauca; 
the red point and red square identify the study location at the corresponding geographic scales. The 
main panel shows the RGB orthomosaic produced from UAV imagery acquired during the 2025 
growing season.

The reference materials included three commercial cultivars, identified in the experi-
mental records and analyses as NS7923, NS6323, and FNS-01, and two farmer-maintained 
materials, A_1 and Monsoy. The latter had been grown locally for several years and were 
included as local references based on their favorable agronomic performance, as reported 
by farmers. Their field identifiers were retained because their formal cultivar denomina-
tions could not be verified. The parental pedigrees of the GS lines were not disclosed by 
the germplasm provider because of commercial confidentiality restrictions; consequently, 
pedigree-based relationships among the materials in the panel were not evaluated.

We arranged the trial as a randomized alpha-lattice with three replicates, six incom-
plete blocks within each replicate, and five genotypes per incomplete block. Each of the 
90 plots consisted of four 5 m rows spaced 0.60 m apart. Physiological measurements came 
from the two central rows, whereas UAV and agronomic variables were summarized at plot 
level. Inference was restricted to the evaluated genotype panel at this location and during 
the 2025 growing season. The stagewise heritability estimates describe the precision of geno-
type differentiation within ELO_25A, while the temporal models summarize relationships 
among measurements from that same experiment. With no replication across locations or 
seasons, the design could not separate genotype effects that persist across environments 
from genotype-specific responses to the conditions of ELO_25A, or establish whether the 
temporal relationships would recur elsewhere.
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2.2.  Stage-Resolved Phenotyping
Physiological measurements and UAV acquisitions were conducted on common dates 

across plots. Developmental stages were visually assessed using the method outlined in [20] 
and recorded in the fieldbook together with sampling dates and days after sowing (DAS). 
For R1, more than 50% of the plants in each plot were confirmed to have begun flowering.

Physiological measurements were collected on 21 May at V5 (36 DAS), 4 June at R1 
(50 DAS), 17 June at R3 (63 DAS), and 9 July 2025 at R6 (85 DAS). UAV acquisitions occurred 
on 20 May at V5 (36 DAS), 4 June at R1 (50 DAS), 19 June at R3 (63 DAS), 25 June at R4 
(71 DAS), and 9 July at R6 (85 DAS). No physiological measurements were collected at R4.

The recorded stages provided a common developmental reference but did not imply 
identical dates of stage attainment among genotypes. Residual developmental differences 
were therefore acknowledged as a potential source of variation in the temporal analyses.

2.2.1.  Leaf Physiology
Leaf physiology was measured using a MultispeQ V2.0 instrument (PhotosynQ Inc., 

East Lansing, MI, USA) [5] at V5, R1, R3, and R6, following the soybean developmental 
stages described in [20]. Leaf physiology was evaluated using a MultispeQ v2.0 instrument 
during campaigns nominally assigned to the V5, R1, R3, and R6 stages, according to the 
developmental scale of [20]. Measurements were performed using the Photosynthesis 
RIDES 2.0 protocol on the PhotosynQ platform [], as documented in the original data 
export. No additional protocol identifier was recorded, and the instrument firmware and 
application versions could not be recovered from the available metadata.

For each plot–stage combination, two plants were assessed, one from each central 
row (rows 2 and 3). On each plant, the central leaflet of the youngest fully expanded, sun-
exposed trifoliolate leaf was measured while remaining attached to the plant. The leaflet 
was enclosed in the instrument clip. The two observations were treated as subsamples and 
averaged to obtain a single plot–stage value.

For each plot–stage combination, one plant from each central row (rows 2 and 3) was 
assessed consecutively on a fully expanded trifoliolate leaf. We treated the two plant obser-
vations as subsamples and averaged them to obtain one plot–stage value. Measurements 
were collected between approximately 10:30 and 14:00 h. This interval is consistent with field 
applications of MultispeQ measurements during daytime illumination [5] but was not estab-
lished here as an optimal sampling window. Measurements were scheduled approximately 
between 10:30 and 14:00 h Colombia Time (COT; UTC−5). This midday-centered win-
dow allowed measurements to be conducted under light-adapted daytime conditions while 
avoiding the comparatively low irradiance of early morning and late afternoon and provided 
sufficient time to complete approximately 180 observations across the 90 plots. Comparable 
field studies have conducted light-adapted MultispeQ measurements between 10:00 and 
14:00 h or within similar daytime periods [21,22]. However, this interval was not considered 
physiologically optimal or environmentally constant because the measured fluorescence 
traits remain responsive to short-term variation in incident radiation. Consequently, PAR 
was recorded with every observation and included as the only measurement-environment 
covariate in the physiological models. Restricting collection to this period did not ensure 
constant irradiance or eliminate other sources of within-day physiological variation.

Measurements followed a serpentine route based on the plot sequence established in 
the fieldbook and displayed in the Field Book mobile application (PhenoApps), rather than 
a randomized acquisition sequence [23]. Plots were assessed consecutively within each 
replicate before proceeding to the next replicate, and the same general traversal pattern 
was maintained across developmental stages and measurement dates. Within each plot, the 
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two selected plants, one from each central row (rows 2 and 3), were measured consecutively 
before proceeding to the next plot.

No formal irradiance thresholds, cloud-related pause rules, or weather-based criteria 
for repeating measurements were documented. Consequently, transient variation in illumi-
nation was not controlled through acquisition pauses or weather-based repetition. PAR was 
recorded simultaneously with each observation and included as the only observation-level 
environmental covariate in the physiological models.

We focused on five physiological traits: operating quantum efficiency of photosystem 
II (ΦPSII), photochemical openness (qL), regulated non-photochemical quenching (NPQt), 
light-adapted maximum efficiency (Fv′/Fm′), and SPAD chlorophyll index. The SPAD vari-
able corresponded to the relative-chlorophyll output generated directly by the MultispeQ 
v2.0 instrument during the Photosynthesis RIDES 2.0 measurement and stored in the Photo-
synQ export under the field name “SPAD.” It was not obtained using a separate chlorophyll 
meter. The MultispeQ estimates this relative index from leaf absorbance measurements at 
650 and 940 nm; therefore, the values were interpreted as relative chlorophyll units rather 
than absolute chlorophyll concentrations. Because SPAD was recorded within the same 
instrument record as the fluorescence variables, PAR, plot identifier, stage, and timestamp, 
no separate matching procedure was required.

2.2.2.  UAV-RGB Canopy Phenomics
RGB images were collected at V5, R1, R3, R4, and R6 with a DJI Air 2 UAV flying 

approximately 30 m above the field. Flights were confined to midday periods and followed 
a standardized overlap setting. UAV imagery was acquired using a DJI Air 2 equipped with 
its factory-integrated 12-MP RGB camera during common campaigns at V5 (20 May), R1 
(4 June), R3 (19 June), R4 (25 June), and R6 (9 July 2025). Flights began at approximately 
12:00 h COT (UTC−5) and lasted approximately 2 – 2.25 min. Missions were flown at a 
nominal height of 30 m AGL, at 3 m s−1 , with 70% forward and 70% side overlap. Source 
images were acquired in JPG format at 4000 × 3000 pixels using automatic white balance. 
Exposure mode, shutter speed, and ISO were not recorded in the available image metadata. 
The achieved ground sampling distances, calculated from the exported GeoTIFF geotrans-
formation metadata, were approximately 9.69, 6.45, 13.79, 13.32, and 9.30 mm pixel−1  for 
V5, R1, R3, R4, and R6, respectively. Plot polygons defined the extraction area, and soil and 
other background pixels were removed before the indices were calculated. Orthomosaics 
were reconstructed using Agisoft Metashape Professional v1.8.4 (build 14654). The pro-
cessing report documented image alignment at medium accuracy, source-based reference 
preselection, guided matching, adaptive camera-model fitting, a key-point limit of 40,000, 
and a tie-point limit of 80,000. Depth maps were generated at medium quality with mild 
filtering, followed by dense-cloud reconstruction and generation of an interpolated digital 
elevation model. Orthomosaics were generated from this model using mosaic blending 
and hole filling. Georeferencing relied on the geographic coordinates recorded by the 
UAV camera. The ground pixel size of the exported orthomosaics ranged from 6.45 to
13.79 mm pixel−1 .

One polygon was associated with each of the 90 experimental plots for data extraction 
using the FIELDimageR-QGIS workflow. Pixels corresponding to soil and other background 
elements were excluded using the threshold-based fieldMask procedure. The arithmetic 
mean of the retained canopy pixels was subsequently calculated for each combination of 
plot, developmental stage, and vegetation index. An 18% neutral-gray reference panel 
was photographed during image acquisition. Vegetation indices were calculated from 
the digital RGB values of the orthomosaics, and globally min–max-normalized variables 
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were excluded from the analysis. The same reconstruction, plot delineation, masking, and 
extraction workflow was applied consistently across the V5, R1, R3, R4, and R6 campaigns.

The UAV analysis used the raw visible-spectrum indices NGRDI [24], VARI [25], 
GLI [26], ExG [27], and TGI [24]. The expected 450 plot-stage records were complete. 
Globally min-max-normalized copies were not analyzed. One source field was labeled 
normalized LAI, but the audit showed that it duplicated normalized VARI rather than 
representing an independent estimate of leaf area; it was retained only as a provenance field.

2.2.3.  Agronomic Outcomes
At R8, we evaluated grain yield (kg ha−1 ), plant height, and pod number (Table 1). 

These outcomes were fitted with the same spatial framework used for the phenomic traits, 
but they were not included in the primary PCA. Instead, they served as external descriptors 
of agronomic concordance within ELO_25A (Figure 2).

Figure 2. Stage-resolved phenotyping design for 30 soybean genotypes evaluated in ELO_25A. Tiles 
indicate the number of traits measured by platform at each developmental stage.

Table 1. Experimental phenotyping domains and developmental coverage in ELO_25A.

Domain Platform Traits Stages Trait–Stage 
Combinations

Observed 
Coverage

Leaf physiology MultispeQ V2.0 ΦPSII, qL, NPQt, 
Fv′/Fm′, SPAD V5, R1, R3, R6 20 359/360 

plot–stages

Canopy phenomics DJI Air 2 RGB NGRDI, VARI, GLI, 
ExG, TGI V5, R1, R3, R4, R6 25 450/450 

plot–stages
Agronomic 
outcomes

Field 
measurements

Yield, plant height, 
pod number R8 3 90/90 plots

Note. Thirty genotypes were evaluated in three replicates (90 plots). The 48 combinations comprise 
45 phenomic and three agronomic combinations.

2.3.  Stagewise Spatial Mixed Models
We analyzed each trait–stage combination separately by residual maximum likeli-

hood in ASReml-R 4.2 [28]. Replicate was fitted as a fixed effect, while genotype and 
incomplete block were random terms. For physiological traits, standardized PAR was 
also included in the fixed part of the model. We prespecified four residual structures: 
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independent errors (IID), AR1 along field rows, AR1 along field columns, and separable 
AR1(row) × AR1(column). A candidate model was considered only if it converged and 
passed the parameter and covariance diagnostics. Among the admissible candidates, we 
selected the simplest model within two AIC units of the minimum.

For combination c, the general model was:

𝑦𝑐 = 𝑋𝑐𝛽𝑐 + 𝑍{bc}𝑏𝑐
+ 𝑍{gc}𝑔𝑐

+ 𝜀𝑐 (1)

In this model, 𝛽c  contains the fixed effects, bc  represents incomplete block, gc  represents 
genotype, and 𝜀c  follows the selected residual structure. We first treated genotype as random 
to estimate variance components and BLUP precision. Under the same selected spatial 
model, genotype was then fitted as fixed to obtain adjusted genotype means and the full
30 × 30 prediction covariance matrix required for the two-stage analyses.

Cullis generalized heritability was calculated as:

𝐻2
Culli’s = 1 −

mean(SED2)
2𝜎2

𝑔
(2)

Here, mean (SED2 ) denotes the mean squared standard error of pairwise genotype 
differences, and 𝜎2

𝑔  is the genotypic variance [29,30]. We reported accuracy as 𝐻2
Culli’s.

A 50:50 mixture likelihood-ratio test for the genotype-variance boundary was retained as 
supplementary evidence [31]. Neither its p-value nor a single heritability cutoff determined 
feature inclusion; precision, temporal structure, biological interpretation, and redundancy 
were considered together.

2.4.  Targeted Temporal Genetic Covariance Models
We investigated temporal covariance only when the stagewise audit identified a re-

peated trait that was both estimable and biologically interpretable. Adjusted genotype 
means entered two-stage models with stage fitted as fixed and genotype-by-stage fitted as 
random. Two prespecified weighting schemes carried stagewise prediction uncertainty into 
these models: the diagonal of the inverse prediction covariance as the primary scheme, and 
inverse squared adjusted-mean standard errors as the sensitivity scheme.

For SPAD, we first compared pairwise DIAG and homogeneous-correlation (CORH) 
structures. The V5–R3 CORH estimate reached the upper boundary, so we conducted a 
targeted comparison between DIAG and an explicit rank-one model (RR1; G = ΛΛ′). RR1 
was selected only when it was admissible and improved both AIC and BIC by more than 
two units under both weighting schemes. For GLI at R3, R4, and R6, DIAG was compared 
directly with RR1. We selected the admissible structure with the lowest AIC unless DIAG 
was within two AIC units. Under RR1, |r_g| = 1 follows structurally from the rank-one 
constraint and was not interpreted as a freely estimated perfect genetic correlation.

2.5.  Construction of the Primary Phenomic Panel
Feature selection combined stagewise precision, temporal redundancy, biological inter-

pretation, and correlations among adjusted genotype means. The resulting panel contained 
six features: NPQt R3, qL R3, ΦPSII R6, SPAD R3, SPAD R6, and GLI R4. SPAD R3 repre-
sented the shared V5–R3 dimension because it had greater stagewise precision, whereas 
SPAD R6 was retained for its distinct late-season information. GLI R4 represented the 
R3–R4–R6 dimension because it had the highest stagewise heritability within that mod-
ule; GLI R3 remained a candidate earlier proxy. NPQt R3 was preferred to Fv′/Fm′ R3 
because their adjusted genotype means were almost collinear (r = −0.993), and NPQt 
directly describes regulated energy dissipation. qL R3 and NPQt R3 were also correlated 
(|r| = 0.783), so their partial redundancy was examined by repeating the PCA without 
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qL. The full correlation structure used to assess redundancy is shown in Supplementary 
Figure S1. ΦPSII R6 retained a late operating-photochemistry measurement alongside the 
chlorophyll and canopy features. These decisions produced a biologically interpretable 
panel for exploratory integration, but the selection was partly data-driven and was not 
independently validated. The subsequent PCA therefore describes the organization of this 
selected panel within ELO_25A.

2.6.  Multivariate Analysis, Uncertainty and Agronomic Concordance
The six adjusted-mean features were standardized and analyzed by equal-weight 

PCA. Equal weighting was chosen because precision had already influenced the selection 
of representative features; weighting again by heritability would give that information 
a second role. Horn parallel analysis used 2000 simulated matrices. A component was 
retained only when its eigenvalue exceeded the 95th percentile of the corresponding null 
distribution [32,33]. Parallel-analysis and loading-uncertainty diagnostics are provided in 
Supplementary Figures S2 and S3.

Uncertainty was propagated with 2000 parametric draws from each feature-specific 
30 × 30 prediction covariance matrix. Cross-feature prediction covariances were unavail-
able, so the propagation retained the full covariance among adjusted genotype means within 
each feature but assumed independent estimation errors between features. This assumption 
concerns the errors of the adjusted means, not the relationships among their estimated 
values, which remained represented in the PCA. The resulting intervals are therefore condi-
tional on the fitted stagewise covariance estimates and the assumption of zero cross-feature 
error covariance. For each draw, component order and signs were aligned to the observed 
PCA before intervals were calculated for explained variance, loadings, and genotype scores. 
The six-feature panel was held fixed during propagation; feature selection was not repeated 
in each draw. The intervals therefore describe uncertainty conditional on the selected fea-
tures and do not include uncertainty associated with choosing the panel. Two planned 
alternatives tested the stability of the result: an H2 -weighted PCA and an equal-weight 
PCA without qL R3. Both were compared with the primary solution using Procrustes 
similarity, aligned score correlations, and correlations between genotype-distance matrices. 
The corresponding PC1 sensitivity comparisons are shown in Supplementary Figure S4.

Pearson and Spearman correlations related PC1-PC3 scores to yield, plant height, 
and pod number. Two-sided p-values were obtained from 5000 permutations, and 95% 
intervals from 5000 genotype bootstraps. The Benjamini–Hochberg procedure controlled 
the false-discovery rate separately within each correlation method [34]. These tests describe 
agreement within ELO_25A; they are not a validation of prediction or indirect selection.

The first three PCs, which accounted for 79.1% of the observed variance, were also 
examined by k-means for k = 2–5 [35]. We required a candidate grouping to satisfy all pre-
specified criteria: silhouette width, bootstrap adjusted Rand index, within-cluster consensus, 
between-cluster consensus, and the proportion of ambiguous assignments. Solutions failing 
any criterion were kept only as diagnostics.

2.7.  Reproducibility and Portable Genetic Matrices
The workflow kept data auditing, stagewise models, temporal models, matrix export, 

and multivariate uncertainty in separate, traceable steps. Quality-control checks were 
passed by the 48 selected stagewise models, 1440 genotype BLUPs, 1440 adjusted means, 
43,200 adjusted-mean covariance cells, 192 stagewise matrix collections, and eight final 
temporal matrices. Portable CSV and matrix files were accompanied by manifests and 
MD5 checksums, so the downstream analyses can be rerun without an active ASReml 
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license. This separation also makes the fitted genetic information reusable in other analytical 
frameworks [15,36].

3.  Results
3.1.  Stage-Dependent Genetic Signal

All 192 prespecified spatial candidates and all 48 trait–stage combinations evaluated 
under four residual structures converged. An admissible model was therefore selected 
for every combination. The preferred residual structure varied across traits and stages: 
IID, row-AR1, column-AR1, and separable AR1 structures were each supported by field 
patterns. Supplementary Tables S1 and S2 report the complete parameter estimates and 
candidate-model comparisons.

Genetic precision changed markedly over development (Figure 3). Several physiologi-
cal traits carried little or no usable signal at R1 yet became estimable at R3 or R6. SPAD rose 
from 0.198 at V5 and approximately zero at R1 to 0.428 at R3 and 0.465 at R6. At R3, NPQt 
and qL reached 𝐻2

Culli’s values of 0.306 and 0.344, respectively, while ΦPSII reached 0.360 
at R6.

Figure 3. Cullis heritability across 48 trait–stage combinations. Bold white cell borders identify the 
six features retained for primary multivariate integration.
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R6. The UAV traits likewise showed stronger signal during later reproductive stages 
than at V5 or R1; GLI reached 0.335 at R4. Agronomic outcomes were estimated more 
precisely, especially pod number (H2  = 0.935) and plant height (H2  = 0.831), whereas yield 
had moderate heritability (H2  = 0.550).

The six primary phenomic features occupied a narrow but useful range of precision 
(H2  = 0.306–0.465; accuracy = 0.553–0.682; Table 2). Their retention should not be inter-
preted as evidence that the other combinations lacked biological relevance. Rather, this set 
provided a parsimonious balance of estimable signal, complementary biological roles, and 
nonredundant temporal coverage for this experiment.

Table 2. Primary phenomic features retained for multivariate genetic organization.

Feature Domain Biological 
Dimension Cullis H2 Accuracy Temporal Role

SPAD R6 Leaf physiology Leaf chlorophyll 
status 0.465 0.682 Complementary late 

SPAD state

SPAD R3 Leaf physiology Leaf chlorophyll 
status 0.428 0.654 Representative of 

shared V5–R3 axis

ΦPSII R6 Leaf physiology Operating 
photochemistry 0.360 0.600 Stage-specific late 

dimension

qL R3 Leaf physiology Photochemical 
openness 0.344 0.587 Stage-specific R3 

dimension

GLI R4 UAV canopy Canopy greenness 0.335 0.579 Representative of 
shared R3–R4–R6 axis

NPQt R3 Leaf physiology Energy dissipation 0.306 0.553 Stage-specific R3 
dimension

Note. Heritability and accuracy are stage-specific estimates. They describe precision and were 
considered with temporal structure and redundancy rather than used as an automatic selection 
threshold.

3.2.  Shared and Stage-Specific Temporal Dimensions
SPAD and GLI showed most clearly that strong stagewise precision can reflect either 

a shared temporal dimension or stage-specific information (Figure 4; Table 3). For SPAD 
V5–R3, RR1 was admissible and fit better than DIAG under both weighting definitions 
(primary ΔAIC = ΔBIC = −7.79). Under the primary weights, the R3 loading exceeded the 
V5 loading (2.21 versus 1.80), in line with the stronger expression and greater stagewise 
precision at R3. Within ELO_25A, these comparisons favored a parsimonious proportional 
representation of SPAD V5–R3, supporting R3 as the preferred representative and V5 as a 
candidate earlier proxy. Perfect proportionality follows from the RR1 constraint; it was not 
independently estimated or validated.

R6, however, was not part of the same supported SPAD dimension. Pairwise models 
that included SPAD R6 retained DIAG, and adjusted values at R3 and R6 were almost 
unrelated (r = 0.019). We therefore retained R6 as a complementary late chlorophyll state, 
not as another measurement of the V5–R3 axis.

GLI followed a different pattern. For GLI R3–R4–R6, RR1 was strongly favored over 
DIAG under both weighting definitions (primary ΔAIC = −53.89; sensitivity ΔAIC = −45.92). 
Under the selected RR1 structure, similar positive loadings at R3, R4, and R6 summarized 
the late-canopy measurements through one proportional dimension. Because R4 had the 
highest stagewise H2 , it was chosen as the primary representative; R3 remains a defensible 
earlier proxy. This rank-one result denotes shared proportional expression and should not be 
interpreted as an independently estimated perfect genetic correlation. The selected temporal 
models and stage loadings are reported in Supplementary Tables S3a–S3c.
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Figure 4. Temporal genetic organization of SPAD and GLI. Stage heritability, shown with prediction 
accuracy, and RR1 loadings with 95% intervals describe the support for shared genetic dimensions. 
Under a rank-one model, |r_g| = 1 is structurally imposed rather than freely estimated. The dashed 
horizontal line in panel (a) is a visual reference at Cullis H2  = 0.30 and does not represent an automatic 
selection threshold.

Table 3. Selected temporal genetic models and candidate measurement windows within ELO_25A.

Module Stages Selected 
Structure 𝚫AIC vs. DIAG Primary 

Window Interpretation

SPAD early–mid V5, R3 RR1 −7.79 R3; V5 early 
proxy

RR1-supported summary 
with imposed 
proportionality; greater 
stagewise precision at R3

SPAD late R6 Stage-specific — R6
Complementary late 
chlorophyll state, distinct 
from V5–R3

GLI late canopy R3, R4, R6 RR1 −53.89 R4; R3 early 
proxy

RR1-supported late-canopy 
summary with imposed 
proportionality

Note. Negative ΔAIC favors RR1 over DIAG. Under RR1, |r_g| = 1 is imposed by rank one and is not a 
freely estimated perfect genetic correlation.

3.3.  Multivariate Organization and Propagated Uncertainty
In the equal-weight PCA of the six features, PC1 emerged as the dominant phenomic 

axis but did not capture all variation. PC1 explained 39.12% of the observed standardized 
variance and was the only component above the 95th-percentile threshold from Horn parallel 
analysis. PC2 and PC3 explained 20.70% and 19.31%, respectively, and were retained only 
for descriptive diagnostics. Together, PC1–PC3 accounted for 79.13%. The complete PCA 
axis summary and the descriptive PC1-PC2 plane are provided in Supplementary Table S4 
and Figure S5, respectively.

PC1 mainly contrasts energy regulation at R3 with leaf chlorophyll status (Figure 5). 
NPQt R3 and qL R3 had strong positive variable-score correlations (0.922 and 0.803), 
whereas SPAD R3 was negative (−0.652). The propagated 95% intervals excluded zero for 
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each of these three loadings. GLI R4, ΦPSII R6, and SPAD R6 added information, but with 
greater uncertainty, consistent with complementary rather than dominant contributions.

Figure 5. Continuous genotype organization on the only principal component retained by Horn 
parallel analysis. Score and loading intervals propagate stagewise prediction covariance; no stable cat-
egorical cluster solution was supported. The error bars represent 95% confidence intervals calculated 
as the estimate ± 1.96 SE.

After propagating prediction covariance, PC1 remained identifiable, although separa-
tion among individual genotypes was limited. Only A_1 and NS6323 had PC1 intervals 
entirely above zero; only GS34 and GS63 had intervals entirely below zero. All other geno-
types lay along a continuous gradient with overlapping uncertainty. The result supports 
targeted contrasts among germplasm, but not a complete ranking of all 30 entries.

The PC1 configuration changed little under either prespecified alternative. Relative to 
the primary analysis, H2  weighting gave a Procrustes similarity of 0.987 and an absolute 
PC1-score correlation of 0.994. When qL R3 was removed, the corresponding values were 
0.953 and 0.924. Moderate redundancy between qL and NPQt therefore altered the emphasis 
of the solution but did not generate its dominant configuration.

3.4.  Agronomic Concordance and Absence of Stable Clusters
Within ELO_25A, PC1 was associated with plant height and pod number, but not with 

yield (Figure 6; Table 4). Pearson correlations were 0.550 for plant height and 0.560 for 
pod number; both remained significant after false-discovery adjustment (q = 0.006). The 
rank-based association was also retained for pod number (Spearman ρ = 0.499; q = 0.041), 
whereas the corresponding association with plant height was not (ρ = 0.421; q = 0.082). 
Associations with yield were close to zero (Pearson r = 0.056; Spearman ρ = 0.037; q ≥ 0.822). 
Thus, in this experiment, PC1 tracked vegetative architecture and reproductive load without 
serving as a yield surrogate.
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Figure 6. Within-environment concordance between retained PC1 scores and agronomic outcomes. 
These associations do not constitute predictive validation or indirect-selection validation.

Table 4. Retained multivariate architecture, sensitivity, and agronomic concordance.

Evidence Component Estimate Uncertainty or Decision Rule Interpretation

PC1 variance 39.12% Propagation interval: 
25.10–39.39%

Only axis retained by parallel 
analysis

Dominant PC1 correlations NPQt R3: 0.922; qL R3: 0.803; 
SPAD R3: −0.652

Propagated intervals excluded 
zero

R3 energy regulation contrasted 
with chlorophyll status

H2 -weighted sensitivity Procrustes = 0.987; PC1 |r| = 0.994 Prespecified Configuration robust to precision 
weighting

Without qL R3 Procrustes = 0.953; PC1 |r| = 0.924 Prespecified Configuration robust to 
redundancy review

Yield concordance Pearson r = 0.056 95% CI −0.312–0.384; q = 0.822 No within-environment 
association

Plant-height concordance Pearson r = 0.550 95% CI 0.170–0.743; q = 0.006 Positive within-environment 
concordance

Pod-number concordance Pearson r = 0.560 95% CI 0.293–0.768; q = 0.006 Positive within-environment 
concordance

Cluster decision No stable k = 2–5 solution All stability gates required Report continuous organization
Note. Agronomic associations are descriptive within ELO_25A. q-values are Benjamini–Hochberg 
adjusted within the correlation method.

None of the k = 2–5 solutions satisfied every prespecified stability gate. The genotype 
panel is therefore better represented as a continuous phenomic distribution than as biological 
classes, subpopulations, or stable clusters. Candidate assignments and consensus matrices 
are included only as reproducibility diagnostics in Supplementary Table S5 and Figure S6. 
The complete reproducibility/QC registry and portable file inventory are provided in 
Supplementary Tables S6 and S7.

4.  Discussion
4.1.  Stage Dependence Is a Measurement Design Problem

Genetic signal in this study was stage-dependent rather than a fixed property of a 
universal soybean phenomic panel. Several traits measured with the same instrument 
showed a negligible signal at R1 and a moderate signal at R3 or R6. This pattern has direct 
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consequences for experimental design. Restricting phenotyping to an early stage could lead 
to a breeding program that dismisses useful traits, while measuring every trait at every stage 
would consume labor and increase multiplicity without a proportional gain in information.

Within ELO_25A, R3–R4 concentrated complementary information: NPQt and qL at 
R3, the most precise expression of the shared V5–R3 SPAD dimension at R3, and the most 
precise representation of the shared GLI dimension at R4. This interval therefore provides 
a candidate core measurement window for the evaluated panel under the conditions of this 
experiment. Its applicability across maturity groups, tropical environments, and drought 
conditions remains untested. Referring measurements to reproductive stages provides a 
developmental reference, but does not ensure that different genotypes reach those stages at 
the same time or experience comparable conditions. Under drought, the balance between 
photochemical activity, energy dissipation, chlorophyll status, and canopy development 
may also differ from the pattern observed here. These considerations could change which 
traits and stages provide the most useful genotype differentiation. Measurements at V5 and 
R6 also retained value for earlier assessment and complementary late-season information, 
respectively. The proposed window should consequently guide validation in connected 
trials rather than be adopted as a general soybean phenotyping recommendation.

Temporal modeling provided a basis for assessing repeated measurements beyond 
their stagewise heritability. For SPAD V5–R3 and GLI R3–R4–R6, model comparisons 
favored RR1 over DIAG under both weighting schemes. These comparisons support a 
parsimonious summary of the temporal patterns within ELO_25A, although the perfect 
proportionality of each represented dimension is imposed by rank one. The fitted structures 
therefore suggest opportunities to reduce repeated measurements rather than establish 
that the stages are interchangeable. R3 was the more precise SPAD representative, with V5 
offering a candidate earlier measurement; R4 was the more precise GLI representative, with 
R3 offering an earlier alternative. SPAD R6 was retained separately because the examined 
pairwise comparisons did not support its inclusion in the same proportional summary. 
Whether these measurement choices preserve useful genotype differentiation elsewhere 
requires independent validation.

4.2.  Complementarity and Redundancy Across Low Sensors
The primary feature panel combined leaf-level physiology with canopy greenness 

but did not treat every sensor output as an independent trait. That distinction matters 
because MultispeQ energy-partition variables are mathematically dependent, LEF-related 
variables derive from ΦPSII and PAR, and several RGB indices were nearly redundant. 
Including every output would increase dimensionality without a comparable increase in 
biological information.

NPQt R3 and Fv′/Fm′ R3 provide a clear example of biological and statistical redun-
dancy through their strong inverse relationship. We retained NPQt because it directly 
describes regulated dissipation; Fv′/Fm′ remained available as a substitute in the sensitivity 
analysis. qL R3 was also correlated with NPQt, although not to the point of near identity. 
Removing qL weakened PC1 but did not change its overall configuration. Biological in-
terpretation and sensitivity analyses helped assess redundancy within the selected panel. 
However, because feature selection and PCA used the same experiment, the resulting con-
figuration remains conditional on those selection decisions. Its similarity under alternative 
weighting and removal of qL supports consistency under the examined alternatives but does 
not establish that the six-feature panel is uniquely optimal or that the same organization 
will emerge in independent data.

Only GLI R4 was needed to represent RGB canopy phenotyping; a suite of highly 
correlated greenness indices added little. For breeding programs operating with limited 
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resources, this result shows what may be obtained from a consumer UAV and an open 
RGB workflow: a stable late-canopy dimension when the measurement stage and feature-
reduction rules are chosen carefully. The value came from when and what was measured, 
rather than from the sheer number of calculated indices.

4.3.  Multivariate Architecture Is Continuous and Uncertain
Parallel analysis retained only PC1. Treating PC1–PC3 as equally supported biological 

axes would therefore exceed the evidence. PC2 and PC3 remain useful descriptive and 
sensitivity diagnostics, but inference should focus on this axis, which explained 39.1% of the 
standardized variation. The dominant pattern contrasted high NPQt and qL with high SPAD 
at R3, consistent with a difference between light-energy regulation and leaf chlorophyll 
status. Contributions from late ΦPSII, SPAD, and canopy greenness were less certain.

Propagating the adjusted-mean covariance changed how the genotype scores could be 
interpreted. Point estimates placed all genotypes in order, yet only four entries had intervals 
that excluded zero. The data therefore support a continuous map of germplasm with explicit 
uncertainty, not an unqualified ranking. The absence of any cluster solution that met the 
stability gates leads to the same conclusion. Although k-means will partition any sample, 
those partitions should not be called biological groups without resampling support.

4.4.  Breeding Relevance Without a Yield Prediction Claim
Within ELO_25A, PC1 was associated with plant height and pod number but showed 

no detectable association with grain yield. This result limits the use of the retained phenomic 
axis as a yield surrogate, while leaving its value for physiological characterization open. 
The analysis concerns the composite PC1 score and does not establish that every retained 
feature is individually unrelated to yield. Its associations with height and pod number 
connect the phenomic pattern with aspects of plant architecture and reproductive load, 
but neither association demonstrates a favorable selection response or an improvement 
in productivity.

The framework can nevertheless inform breeding research by characterizing physiolog-
ical contrasts among entries and identifying candidate measurements for a more focused 
phenotyping schedule. These uses concern what to measure and which germplasm con-
trasts warrant further investigation; they do not identify superior parents or justify selection 
for higher yield. Before the features or their composite scores guide selection, independent 
trials should establish whether the observed contrasts and candidate temporal proxies recur 
across populations and environments. Their contribution to selection decisions should then 
be evaluated against an agronomic baseline, using validation data separate from feature 
selection and model development. Claims of indirect selection for yield would additionally 
require evidence of a relevant genetic association and a resulting selection benefit, neither 
of which was established here.

4.5.  Limitations and Next Validation Steps
Several limitations define the scope of these findings. The experiment included

30 genotypic entries, each represented by three field plots, but replication within the trial 
does not increase the number of distinct genotypes available for multivariate analysis. The 
spatial mixed models accounted for the field design, while stagewise heritability estimates 
described the precision of genotype differentiation under those conditions. That precision 
varied substantially among traits and stages, so the panel size should not be interpreted 
as ensuring reliable estimation for every measurement. Reducing the primary PCA to 
six features limited dimensionality, but the analysis remained exploratory and conditional 
on the evaluated entries and selected features. Propagated intervals and sensitivity analyses 
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helped qualify the observed configuration; they did not establish its representativeness 
beyond this panel. The single location–season combination also limits interpretation of 
stage dependence. Differences among stages may reflect developmental changes together 
with the environmental conditions encountered on their respective measurement dates; 
this experiment cannot isolate those contributions. Consequently, neither the heritability 
estimates nor the selected temporal structures should be treated as stable properties of 
these genotypes across tropical environments. Their transferability requires connected trials 
across locations and seasons that permit estimation of genotype × environment and geno-
type × environment × stage variation. The two-stage analysis of adjusted genotype means 
also introduced assumptions that require consideration. An important limitation concerns 
cross-feature prediction-error covariance, which was unavailable from the separately fitted 
stagewise models. The propagation preserved covariance among genotype estimates within 
each feature but treated estimation errors from different features as independent. Although 
correlations among the adjusted trait values were represented in the PCA, these correla-
tions cannot establish the magnitude or direction of the omitted error covariances. Shared 
plots, sampling conditions, and measurement procedures could produce correlated errors, 
particularly among physiological traits measured together. Omitting such dependence may 
affect the propagated intervals for explained variance, loadings, and genotype scores, but 
the direction and magnitude of that effect were not established. These intervals should 
therefore be interpreted as conditional measures of uncertainty rather than as accounting 
for all sources of estimation error. The weighting and feature-removal sensitivity analyses 
assessed alternative PCA configurations; they did not test robustness to cross-feature error 
covariance. Stage categories were available for analysis, but genotype-specific thermal time 
was not. Differences in developmental timing could therefore contribute to the observed 
physiological and canopy contrasts, and the analysis cannot establish their independence 
from maturity-related variation. Because all genotypes were phenotyped on common calen-
dar dates assigned to trial-level stages, individual entries may not have been at precisely the 
same developmental state at measurement. Accordingly, the relevant limitation is potential 
within-stage phenological mismatch rather than differential environmental exposure arising 
from genotype-specific sampling dates. Although field observations suggested a relatively 
narrow range of phenological development among entries, genotype-specific stage dates 
and thermal-time records were unavailable; therefore, maturity-related variation could not 
be fully separated from the observed stage-specific contrasts. In addition, consecutive physi-
ological subsamples within a plot do not provide true within-day temporal replication. The 
10:30–14:00 h sampling period restricted the observations to part of the day, but adjustment 
for recorded PAR did not account for all possible effects of measurement time, recent light 
exposure, or other environmental conditions. Any systematic correspondence between 
genotype measurement order and changing conditions could therefore affect genotype 
comparisons. The physiological results should be interpreted as responses observed within 
the sampled daytime period, rather than as daily integrated performance.

We limited reduced-rank temporal models to SPAD and GLI after the identifiability 
audit; broader unstructured longitudinal models were not fitted to the remaining traits. 
With only 30 genotypes, this constraint avoided unsupported model complexity. Because 
RR1 imposes perfect proportionality within the represented dimension, the fitted models 
are parsimonious summaries rather than evidence of an invariant genetic correlation.

Future validation should evaluate the candidate R3–R4 window alongside V5 and R6 
in connected trials across locations and seasons, with documented maturity groups and 
contrasting water availability. Recording genotype-specific stage dates and water conditions 
would help determine whether the preferred measurement stages persist or shift under 
different developmental and environmental circumstances. This design would allow esti-
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mation of genotype × environment × stage structure, evaluation of the proposed temporal 
proxies across environments, and testing of whether phenomic information improves selec-
tion accuracy over agronomic baselines. Future analyses should also estimate cross-feature 
prediction-error covariance through a joint modeling framework or a design-preserving 
resampling procedure that refits the analytical workflow, allowing its consequences for multi-
variate uncertainty to be evaluated. Where feasible, resampling should repeat spatial-model 
selection, covariance estimation, and feature selection rather than hold those decisions 
fixed. This would assess additional uncertainty omitted from the present propagation, 
while independent validation would remain necessary to evaluate transferability. Opera-
tional yield prediction should not be proposed until the findings have been replicated in 
independent populations. Together, these limitations support treating the framework as 
an exploratory characterization of ELO_25A with explicitly conditional uncertainty. The 
reported contrasts and temporal summaries provide hypotheses for further evaluation, but 
their reproducibility across populations and environments remains unknown. Reliability 
for breeding decisions will depend on whether those patterns persist under independent 
sampling and contribute useful information beyond conventional agronomic measurements.

5.  Conclusions
Stagewise heritability and temporal covariance captured different aspects of phenomic 

utility in tropical soybean. The six retained physiological and UAV–RGB features provided 
complementary genetic information with moderate precision. Temporal model comparisons 
favored RR1 summaries for SPAD V5–R3 and GLI R3–R4–R6, supporting parsimonious 
representations within ELO_25A while imposing perfect proportionality through the rank-
one constraint. For the evaluated panel in ELO_25A, R3 and R4 were the preferred primary 
measurement stages based on the observed precision and temporal redundancy. SPAD at 
V5 and GLI at R3 were candidate earlier proxies within this experiment, whereas SPAD at R6 
contributed distinct late-season information. These measurement choices require validation 
across environments, seasons, and maturity groups before broader use in soybean breeding.

A single phenomic axis, interpreted with its uncertainty, summarized the most repro-
ducible multivariate contrast. It was associated with plant height and pod number, but 
not with yield, and the genotypes formed a continuum rather than stable clusters. Within 
ELO_25A, this low-cost phenotyping framework therefore supports germplasm discrimina-
tion, efficient measurement scheduling, and generation of testable hypotheses. It does not 
establish a yield predictor or an indirect-selection criterion.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/agronomy16222281/s1, Figures S1–S6: primary-feature correlations, 
parallel-analysis uncertainty, loading uncertainty, sensitivity of PC1 scores, the descriptive PC1-PC2 
plane, and cluster-stability diagnostics. Tables S1 and S2: stagewise genetic parameters and candidate 
spatial-model comparisons. Tables S3a–S3c: selected temporal models and RR1 loadings for GLI 
and SPAD. Table S4: PCA axis summary. Table S5: candidate cluster assignments. Tables S6 and S7: 
reproducibility/QC registry and portable file inventory with checksums.
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