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Highlights

What are the main findings?

e  Vegetation indices improved the prediction of both SPAD and plant height relative
to multispectral bands alone, while RGB descriptors provided only a small and
model-dependent gain for SPAD and DSM metrics produced a clearer improvement
for plant height.

e Nested spatial cross-validation selected G4 in four of the five outer folds for SPAD
and G5 in all five outer folds for plant height.

What are the implications of the main findings?

e  Within this experiment, the complete multisource feature stack did not outperform
the retained trait-specific feature combinations.

e  UAV feature design should therefore be matched to the target trait rather than based
on automatically stacking all available spectral, RGB and structural predictors.

Abstract

Unmanned aerial vehicle (UAV) imagery can support plot-scale crop phenotyping, but
spectral, RGB and structural predictors may contribute differently to different traits. We
compared six predefined feature groups for predicting soybean SPAD and plant height
(PH) in a 1.3 ha field experiment in Sanya, China. The field contained 6197 soybean plant-
ing plots, of which 234 had paired SPAD and PH measurements. Multispectral bands,
vegetation indices (VIs), RGB descriptors and digital surface model (DSM) metrics were
extracted from DJI Mavic 3 Multispectral imagery. Six regression algorithms were evalu-
ated using random fivefold cross-validation, spatial block cross-validation and nested
spatial cross-validation. Under random cross-validation, ExtraTrees with multispectral
bands, VIs and RGB descriptors produced the numerically highest SPAD performance (R?
=0.589; RMSE = 6.66), while BayesianRidge with multispectral bands, VIs and DSM met-
rics produced the highest PH performance (R? = 0.760; RMSE = 7.14 cm). Nested spatial
cross-validation yielded R?=0.473 and RMSE = 7.56 for SPAD and R? = 0.690 and RMSE =
8.13 cm for PH. G4 was selected in four of the five outer folds for SPAD, although the
selected algorithm varied, and G5 was selected in all five outer folds for PH. VIs improved
prediction of both traits relative to the original bands. Adding RGB descriptors produced
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only a small and model-dependent improvement for SPAD, whereas adding DSM metrics
produced a larger and more consistent improvement for PH. The complete feature set did
not outperform G4 for SPAD or G5 for PH. The retained models were applied to all 6197
plots to map SPAD, PH and their field relative combinations. Because all of the validations
used one field and one UAV acquisition date, the results describe performance within this
experiment and do not establish transferability to other sites, years or growth stages.

Keywords: soybean; SPAD; plant height; UAV remote sensing; digital surface model;
spatial cross-validation

1. Introduction

High-throughput field phenotyping is increasingly important for crop improvement
as modern breeding, germplasm evaluation and field management require reliable trait
information from large numbers of plots within short phenological windows [1,2]. In soy-
bean field experiments, manual measurements of SPAD, a proxy for leaf chlorophyll sta-
tus, plant height (PH) and other agronomic traits provide essential ground observations,
but they are usually labour intensive and limited to a subset of plots [3,4]. This leads to a
gap between accurate but sparse field measurements and the spatially continuous infor-
mation needed for plot-level characterization and selection. Unmanned aerial vehicle
(UAV) remote sensing provides a practical way to narrow this gap because it can acquire
high resolution imagery over experimental fields with flexible timing and relatively low
operational cost [5,6]. For dense soybean plot systems, such information is particularly
useful because canopy greenness, physiological status and structural development can
vary strongly among varieties, accessions and local field conditions [7-9].

Substantial progress has been made in UAV-based crop phenotyping. Multispectral
and red-edge imagery have been widely used to estimate chlorophyll-related traits and can-
opy biochemical properties through vegetation indices (VIs) such as NDVI, NDRE, MTCI,
MCARI and TCARI [10-13]. These VIs are useful because they summarize spectral re-
sponses related to pigment absorption and canopy structure condition [14-16]. In addition
to multispectral indices, RGB-based colour descriptors can capture visible greenness, colour
balance and canopy background contrast from fine resolution imagery, which are useful for
describing canopy cover and visible vegetation expression [17,18]. UAV photogrammetry,
digital surface model (DSM) products and point cloud derived metrics have also supported
the estimation of crop height, canopy surface structure and growth variability in field trials
[19,20]. Together, these studies show that UAV platforms can provide complementary spec-
tral, colour and structural information for field-scale crop trait mapping.

Soybean UAV phenotyping has also developed rapidly in recent years [3,21]. Multi-
modal UAV data have been used for soybean yield prediction, showing the value of com-
bining spectral, structural and texture related information in machine learning frame-
works [22]. Other studies have explored UAV multispectral or hyperspectral information
for soybean growth monitoring and yield estimation [23,24]. Recent work has further
shown that UAV RGB imagery, oblique imagery, point clouds and LiDAR can contribute
to soybean PH measurement, lodging discrimination and canopy structure characteriza-
tion [25,26]. These studies have greatly advanced UAV-based soybean monitoring and
demonstrate that multisource UAV information can improve prediction when different
canopy properties are represented.

However, the success of multisource UAV phenotyping also leaves an important
methodological question unresolved. Many studies combine all available features and
evaluate performance mainly by final prediction accuracy, but this approach does not
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clearly show which information source contributes to which trait. This distinction is im-
portant because SPAD and PH represent two different but complementary dimensions of
soybean canopy status. SPAD is an indicator of leaf chlorophyll-related status and is ex-
pected to be more closely associated with chlorophyll-sensitive spectral indices and visi-
ble greenness [10,11]. PH, in contrast, is a structural trait and should be more directly re-
lated to canopy surface geometry and DSM-derived metrics [19,20]. Therefore, although
stacking all available features may appear comprehensive, it can introduce redundant or
weakly relevant predictors, unstable feature importance and reduced interpretability
when measured samples are limited relative to the number of extracted features [27]. A
trait-specific feature contribution analysis is therefore needed to determine whether chlo-
rophyll-related and structural soybean traits require different UAV feature designs.

To address this gap, this study compared the trait-specific predictive value of prede-
fined UAV feature families for soybean SPAD and PH. We extracted plot-level multispec-
tral bands, VIs, RGB descriptors and DSM-derived structural metrics and evaluated six
commonly used regression algorithms across six feature-group settings. Random and spa-
tial-block cross-validation were used to compare the complete algorithm—feature-group
matrices; nested spatial cross-validation was used to separate combination selection from
final outer-fold evaluation. The block-level predictive value of the feature groups was
compared using ablation analysis. Predictors within the retained mapping models were
descriptively examined using permutation importance [28]. The retained mapping mod-
els were then applied to 6197 soybean planting plots to generate field-scale SPAD, PH and
joint SPAD-PH maps. Rather than focusing only on the numerically highest accuracy, the
central question was which UAV information source provided incremental predictive
value for each trait and whether the complete multisource feature stack was justified for
plot-scale soybean phenotyping. Accordingly, we tested three working hypotheses: (H1)
vegetation indices would improve the prediction of both SPAD and PH relative to the
original multispectral bands; (H2) RGB descriptors would provide a modest incremental
predictive gain for SPAD, whereas DSM-derived canopy surface metrics would provide
a larger gain for PH; and (H3) the complete multisource feature stack would not neces-
sarily outperform trait-specific feature combinations because of predictor redundancy.
These hypotheses defined the principal G1-G6 comparisons, whereas the comparisons
among regression algorithms and the permutation-importance rankings were treated as
exploratory.

2. Materials and Methods
2.1. Study Site and Field Experiment

The field experiment was conducted in Chicao Village, Yazhou District, Sanya City,
Hainan Province, China (Figure 1a). The experimental field is located at approximately
109°9'39.066"E to 109°9'45.587"E and 18°24'5"N to 18°24'10"N. The area has a tropical mon-
soon climate, with an average annual temperature of approximately 25.4 °C. The mean
elevation is approximately 101 m, and the terrain is generally flat.

The soybean planting area covered approximately 1.3 ha and contained 6197 densely
arranged rectangular planting plots. Soybeans were planted in mid-January 2024. Each
plot represented a distinct soybean accession, and no accession was repeated among plots.
Each plot covered approximately 1.5 m? (1.0 m x 1.5 m), contained four planting rows, and
had a row spacing of 0.20 m and an approximate within-row plant spacing of 0.15 m. The
nominal planting density was approximately 27 plants m=, and adjacent plots were sepa-
rated by approximately 0.30 m.
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Figure 1. Study site and soybean field layout. (a) Location of the experimental site in Sanya, Hainan
Province, China; the red marker denotes the study site. (b) UAV RGB orthomosaic showing the
manually delineated soybean planting plots, the 234 plots with paired SPAD and PH measurements,
and the study field boundary. Orange outlines denote soybean planting plots, cyan points denote
the measured plots, and the red outline denotes the study field boundary. (c) Field photograph

showing the soybean canopy condition at the experimental site.

The field was established as a large soybean germplasm screening panel rather than
as a replicated randomized-block experiment because each accession was represented by
a single planting plot. All plots received uniform and adequate irrigation and fertilization
throughout the growing period. The exact irrigation volumes, fertilizer application rates
and application dates were not retained in the field records.

A UAV RGB orthomosaic was used together with manually delineated plot polygons
to define the field layout (Figure 1b). The final plot layer contained 6197 soybean planting
plots. A total of 234 plots were selected by simple random sampling from the complete set
of 6197 planting plots for paired SPAD and plant height measurements. Each measured
plot represented a distinct soybean accession. These 234 plots were used for model devel-
opment and validation, whereas the complete set of 6197 plot polygons was used only for
subsequent field-scale prediction and mapping. A field photograph is provided to illus-
trate the canopy condition at the experimental site (Figure 1c).

2.2. Field Measurements of SPAD and PH

SPAD and PH were measured at the plot level on 15 March 2024 during the UAV
survey period and served as the two reference traits for model development and valida-
tion. Paired measurements were obtained from 234 randomly selected plots, each repre-
senting a distinct soybean accession. SPAD was measured using a SPAD-502 chlorophyll
meter (Konica Minolta Sensing, Inc., Osaka, Japan), following the standard instrument
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calibration and zeroing procedure. Within each plot, five plants were randomly selected
and three fully expanded leaves were measured on each plant. Three readings were taken
from the middle portion of each leaf blade while avoiding the main vein and leaf margins.
The three readings were first averaged to obtain one leaf-level value, and the resulting 15
leaf-level values were then averaged to derive the plot-level SPAD value. PH was meas-
ured on five healthy, upright plants per plot using a measuring ruler. PH was defined as
the vertical distance from the soil surface at the stem base to the apical growing point of
the main stem. No lodging was observed in the measured plots, and the five plant-level
measurements were averaged to obtain the plot-level PH value.

Field records were checked for missing entries, transcription inconsistencies and
physically implausible measurements before model analysis. Measurements were not ex-
cluded solely because they were statistically extreme when no instrument or field-record
error was identified, and all 234 plots retained complete paired SPAD and PH measure-
ments. Observed SPAD values ranged from 8.30 to 85.90, with a mean of 43.01 and a stand-
ard deviation of 10.41, whereas PH ranged from 15.00 to 90.00 cm, with a mean of 43.89
cm and a standard deviation of 14.61 cm. The distributions of the measured SPAD and
PH values are shown in Supplementary Figure S4. The broad observed ranges primarily
reflected the biological diversity of the germplasm panel because the 234 measured plots
represented 234 distinct accessions grown under common field management. This broad
variation provided a useful calibration range, although observations were less densely
represented at the distributional extremes, particularly at high SPAD values. The meas-
ured plots were linked to the manually delineated plot layer and subsequently combined
with UAV-derived predictors for feature construction, model comparison and trait-spe-
cific evaluation.

2.3. UAV Data Acquisition and Preprocessing

UAYV data were acquired using a DJI Mavic 3 Multispectral platform (SZ DJI Tech-
nology Co., Ltd., Shenzhen, China) equipped with one 20 megapixel RGB camera and four
5 megapixel multispectral cameras. The multispectral cameras captured Green (560 + 16
nm), Red (650 + 16 nm), RedEdge (730 + 16 nm) and NIR (860 + 26 nm) bands. The platform
was equipped with an RTK module with nominal positioning precision of approximately
1 cm horizontally and 1.5 cm vertically. Because independent ground control points or
checkpoints were not collected, these values should not be interpreted as independently
verified horizontal or vertical accuracies of the final orthomosaic and DSM products. The
interval from 11:00 to 14:00 on 15 March 2024 represented the overall field survey acqui-
sition window rather than a single continuous three-hour flight. Imagery was acquired
under cloud free conditions and wind speeds below 5 m - s™. Nadir imagery was col-
lected at a flight altitude of 30 m, with forward and side overlaps both set to approxi-
mately 85%. The native ground sampling distances were approximately 0.8 cm - pixel™
for the RGB orthomosaic and 1.4 cm - pixel for the multispectral orthomosaics. Plot-
level features were extracted from the respective products at their native resolutions with-
out resampling to a common pixel size. Exact mission level records for flight duration,
number of missions, image count, battery use, flight speed, flight line orientation, solar
elevation, exposure and white balance were not retained and could not be reliably recon-
structed.

UAYV image processing was performed using Agisoft Metashape Professional version
1.8.5 (Agisoft LLC, St. Petersburg, Russia). RGB imagery was aligned and used for dense
point cloud generation at an ultra-high-quality setting. The resulting DSM had a spatial
resolution of approximately 1 cm. The DSM represented the visible canopy surface recon-
structed from photogrammetry. Because reliable ground-point separation within the
dense soybean canopy was limited, the DSM was used directly as a canopy surface
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product rather than interpreted as a fully ground-normalized canopy height model. Mul-
tispectral imagery acquired at the same flight altitude was processed to generate cali-
brated orthomosaics for the Green, Red, RedEdge and NIR bands. Raw digital numbers
were converted to surface reflectance using images of diffuse reflectance panels with
known reflectance acquired immediately before the flight. Optical and illumination vari-
ation was corrected using downwelling irradiance data recorded by the integrated sun-
shine sensor. Because acquisition occurred over the broader 11:00-14:00 survey window,
some residual illumination variation may nevertheless remain, particularly in the RGB
products. Plot boundaries were manually delineated in ArcGIS 10.7 and used as regions
of interest for all plot-level feature extraction. These polygons excluded non-experimental
buffer zones and defined the spatial unit for feature construction, model training, valida-
tion and field-scale prediction. The plot polygons were visually checked against the plant-
ing row boundaries before feature extraction. No internal polygon buffer or inde-
pendently validated canopy mask was applied; all valid pixels within each manually de-
lineated plot polygon were used for feature extraction.

The workflow is shown in Figure 2. Field measurements, plot polygons and UAV
products were combined to extract plot-level multispectral, RGB and DSM predictors.
These predictors were organized into six feature groups and evaluated with six regression
algorithms using random, spatial block and nested spatial cross-validation. One combi-
nation was retained for each trait and refitted using all 234 measured plots. The refitted
models were then applied to the 6197 planting plots, followed by permutation importance
analysis and field relative SPAD-PH classification.
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Figure 2. Workflow for UAV-based trait-specific soybean phenotyping. Arrows indicate the sequential
flow of data and analysis from data sources to feature engineering, model evaluation, and mapping
and inference. Blue, green, purple, and red modules denote data sources, feature engineering, model
evaluation, and mapping and inference, respectively. Within the feature-family contribution chart,
blue, green, orange, and purple denote multispectral bands, vegetation indices, RGB descriptors, and

DSM metrics, respectively. UAV products, field-measured SPAD and PH, and the plot layer were used
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as the primary data sources. Plot-level feature construction generated spectral band statistics, vegeta-
tion indices, RGB colour descriptors, and DSM-derived canopy-surface metrics. Random and spatial-
block fivefold cross-validation were used to compare the six algorithms and six feature groups,
whereas nested spatial cross-validation was used to separate combination selection from outer-fold
evaluation. ExtraTrees with G4 for SPAD and BayesianRidge with G5 for PH were retained as the
field-scale mapping combinations. The selected models were applied to 6197 soybean plots to produce
field-scale SPAD and PH maps, followed by permutation importance analysis, feature-family inter-
pretation, and field-relative SPAD-PH classification. VIs, vegetation indices; DSM, digital surface
model; PH, plant height.

2.4. Plot-Level UAV Feature Extraction and Feature Group Design

All UAV predictors were extracted within the manually delineated planting poly-
gons. “Multispectral bands” refers to the calibrated Green, Red, RedEdge and NIR reflec-
tance data. Nine plot-level statistics were calculated for each band. Vegetation indices
were derived from these bands to represent transformed information related to canopy
greenness, red-edge response and vegetation condition. RGB channel statistics and colour
indices were extracted from the RGB orthomosaic to describe visible greenness, colour
balance and canopy background contrast. Before calculating the RGB descriptors, the na-
tive channel values were rescaled to 0-1. This was a numerical rescaling and not a nor-
malization by R + G + B. No additional radiometric or illumination correction was applied
to the RGB data.

DSM features described the photogrammetrically reconstructed surface within each
plot. They included mean, median, standard deviation, minimum, maximum, selected
percentiles, range, coefficient of variation and percentile differences. The absolute statis-
tics represent the reconstructed surface elevation and the dispersion and percentile-dif-
ference metrics describe within-plot surface variation. Because no ground-normalized ter-
rain model was available, these variables were used as canopy surface descriptors and not
as direct measurements of PH.

Nine statistics were calculated for each of the four multispectral bands, 16 vegetation
indices and 10 RGB descriptors, producing 36 band predictors, 144 VI predictors and 90
RGB predictors. The DSM family contained 19 predictors. G1-G6 therefore contained 36,
144, 180, 270, 199 and 289 candidate predictors, respectively. Based on the 234 measured
plots, the corresponding sample-to-predictor ratios were 6.50, 1.63, 1.30, 0.87, 1.18 and 0.81.
Supplementary Table S1 provides the names, formulas, units and definitions of all indices
and DSM metrics.

To evaluate the contribution of different UAV information sources, six feature groups
were designed for ablation analysis (Table 1). G1 served as the baseline spectral group,
using only the original multispectral bands. G2 tested the contribution of vegetation index
transformations. G3 evaluated the complementarity between original bands and vegeta-
tion indices. G4 added RGB descriptors to examine whether visible greenness and colour
heterogeneity improved SPAD prediction. G5 added DSM-derived metrics to examine
whether canopy surface structure improved PH prediction. G6 combined all feature
groups and tested whether full multisource stacking outperformed the trait-specific fea-
ture combinations.
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Table 1. UAV feature groups used for ablation analysis. Predictor counts represent the candidate
variables in each predefined feature group. The sample-to-predictor ratio was calculated using n =
234. During spatial-block and nested spatial cross-validation, the stated missingness and variation
filters were reapplied within each training subset, so the number of predictors entering an individ-
ual fold could be slightly smaller.

Group Feature Group

No. of Predic- Sample-to-Predictor

Main Information Represented

tors Ratio (n/p)
Multispectral .
Gl bands 36 6.50 Original Green, Red, RedEdge and NIR reflectance
Transformed spectral information related to canopy
G2 Vis 144 1.63 greenness, chlorophyll sensitivity and vegetation con-
dition
G3 Bands + VIs 180 130 Combination of original a'nd transformed spectral pre-
dictors
Bands + VIs + Spectral information plus visible greenness, colour bal-
G4 ) 270 0.87
RGB descriptors ance and canopy background contrast
Bands + VIs + Spectral information plus reconstructed canopy surface
G5 , 199 1.18 . 1 o
DSM metrics elevation and within-plot surface variability
Bands + VIs +
G6  RGB descriptors 289 0.81 Full multisource UAV feature stack
+ DSM metrics

VlIs, vegetation indices; RGB, red—green-blue; DSM, digital surface model; UAV, unmanned aerial
vehicle; NIR, near-infrared; RedEdge, red-edge spectral band; n, number of measured plots; p, num-

ber of candidate predictors.

2.5. Model Training and Comparison

SPAD and PH were modelled separately because they represent distinct chlorophyll-
related and structural dimensions of soybean canopy status. Six regression algorithms
were compared, including partial least squares regression (PLSR) [29], BayesianRidge [30],
support vector regression (SVR) [31], RandomForest [32], ExtraTrees [33] and XGBoost
[34]. For each trait, all algorithms were evaluated under the six feature group settings de-
scribed in Table 1, resulting in 36 algorithm—feature-group combinations. Table 1 reports
the predictor counts after the initial quality screening and before the additional fold-spe-
cific screening used in the spatial validation analyses. All modelling and statistical anal-
yses were implemented in Python 3.10.13 using NumPy 1.26.4, pandas 2.2.2, scikit-learn
1.4.2, XGBoost 2.0.3, SciPy 1.13.1, Matplotlib 3.8.4, and joblib 1.4.2. The complete software
environment, preprocessing procedures, fixed model settings, and validation configura-
tion are reported in Supplementary Table S2. PLSR used up to 10 latent components, with
the actual number defined as a minimum of 10, the number of available predictors and
the number of training observations minus one. BayesianRidge used the fixed parameter
settings reported in Supplementary Table S2, corresponding to the defaults of scikit-learn
version 1.4.2 unless otherwise specified. SVR used a radial-basis-function kernel with C =
10.0, gamma = “scale” and epsilon =0.1. RandomForest and ExtraTrees each used 500 trees,
square-root predictor subsampling, a minimum leaf size of two observations and ran-
dom_state = 42. XGBoost used 500 trees, a maximum tree depth of three, a learning rate of
0.03, subsample and column-subsample fractions of 0.85, an L2 regularization parameter
of 1.0, the squared-error regression objective and random_state = 42. All other parameters
retained the defaults of the reported software versions. Hyperparameters were fixed be-
fore validation, and no grid search, random search, Bayesian optimization or other data-
driven hyperparameter-tuning procedure was conducted.
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Candidate predictors were screened according to data quality. Non-finite or non-con-
vertible values were treated as missing and predictors with more than 35% missing values
or no effective variation, defined as no more than one unique non-missing value, were
excluded. No pairwise-correlation threshold or response-based variable-selection proce-
dure was applied because G1-G6 were predefined as complete UAV information-source
blocks. For random, spatial block and nested spatial cross-validation, the predictor quality
screening criteria were applied within each corresponding training subset. Remaining
missing values were imputed using medians estimated from the training observations
and then applied unchanged to the held-out observations. StandardScaler was fitted using
the training data for PLSR, BayesianRidge and SVR, whereas RandomForest, ExtraTrees
and XGBoost used median imputation without standardization. Random cross-validation
used shuffled fivefold KFold partitions with random_state = 42. For spatial block cross-
validation, the plot centroid coordinates were centred and projected onto their principal
spatial axis using singular value decomposition. Plots were ordered along this axis and
divided into five adjacent blocks containing approximately equal numbers of measured
plots. No spatial buffer was applied. In each iteration, one complete block was withheld
for evaluation and the remaining four blocks were used for model fitting. The same fold
assignments were used across all algorithms and feature groups.

To separate algorithm and feature-group selection from final performance evaluation,
nested spatial cross-validation was additionally conducted. The five spatial blocks were
used as outer validation folds. In each outer iteration, one block was withheld exclusively
for evaluation while the remaining four blocks formed the outer-training dataset. Within
the outer-training dataset, leave-one-spatial-block-out inner cross-validation was used to
compare all 36 algorithm—feature-group combinations. The combination with the lowest
pooled inner-cross-validated RMSE was selected, refitted using the complete outer-train-
ing dataset and evaluated on the untouched outer block. Ties were resolved using the
higher inner-cross-validated R? followed by a fixed candidate order. Predictor screening,
median imputation, feature scaling and model fitting were repeated using only the corre-
sponding inner- or outer-training data. Model hyperparameters were specified before val-
idation and were not optimized using either the inner or outer validation observations.
All out-of-fold predictions were retained when calculating the cross-validation metrics.
The physical quality control rule described in Section 2.7 was applied only to the final
field-scale mapping outputs. Only the 234 plots with paired field measurements were
used for model development and validation; the complete set of 6197 plots was used only
for subsequent field-scale prediction. Because every planting plot represented a distinct
soybean accession, genotype-grouped validation was not applicable.

Model performance was assessed using the coefficient of determination (R?), root
mean square error (RMSE), mean absolute error (MAE), bias and relative RMSE (rRMSE).
RMSE and MAE were reported in the original trait units, namely SPAD units for SPAD
and centimetres for PH. Bias was calculated as the mean difference between predicted and
observed values. Relative RMSE was calculated as RMSE divided by the observed trait
mean and expressed as a percentage. Random and non-nested spatial cross-validation
were used to describe comparative performance patterns among the 36 candidate combi-
nations, whereas pooled outer-fold predictions from nested spatial cross-validation were
used as the more conservative evaluation of the complete model-selection procedure. Se-
lection stability was summarized separately for feature groups and complete algorithm—
feature-group combinations. For field-scale mapping, the complete combination with the
highest outer-fold selection frequency was retained. When two or more combinations
shared the highest selection frequency, the tie was resolved by selecting the combination
with the lowest mean inner-cross-validated RMSE across the five outer-training datasets.
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Models fitted using all measured plots were used only to generate field-scale predictions
and were not treated as independent validation results.

2.6. Evaluating the Predictive Value of Feature Families

The block-level predictive value of the predefined feature families was evaluated us-
ing the G1-G6 ablation design. For each trait, the retained regression algorithm was held
fixed across the six feature groups: ExtraTrees was used for SPAD and BayesianRidge for
PH. Comparisons among G1, G2 and G3 examined the predictive value of transformed
spectral information relative to the original multispectral bands. The comparison from G3
to G4 evaluated the incremental predictive value of RGB descriptors, whereas the com-
parison from G3 to G5 evaluated the incremental predictive value of DSM-derived struc-
tural metrics. G6 was used to determine whether the complete multisource feature stack
improved prediction beyond the trait-specific combinations. Because G1-G6 contained
different numbers of predictors, the ablation analysis was interpreted as a comparison of
predefined information-source blocks under the same samples, validation partitions and
modelling workflow, rather than as a dimension-matched or causal decomposition of bi-
ological effects. Differences among groups may therefore reflect the information repre-
sented by an added feature family together with predictor dimensionality, redundancy
and interactions with model structure.

For the retained SPAD and PH mapping models, permutation importance was cal-
culated after refitting each model using all 234 measured plots and the same preprocessing
procedures and fixed hyperparameters described in Section 2.5. Each predictor was inde-
pendently shuffled 30 times while all remaining predictors were left unchanged, using R2
as the scoring metric and random_state = 42. Predictor importance was expressed as the
mean decrease in R? across the 30 permutations, and the corresponding standard devia-
tion was used to describe variability. Because predictors derived from the same UAV
products can be strongly correlated, permutation importance may be shared or redistrib-
uted among related variables. These values were therefore used only for descriptive in-
terpretation and were not treated as independent validation estimates. Individual predic-
tor rankings were interpreted jointly with the feature-group ablation results and nested
outer-fold selection frequencies, with emphasis placed on the broader predictive roles of
spectral, RGB and structural information blocks rather than on the unique or causal effect
of an individual predictor.

2.7. Field-Scale Prediction and Relative SPAD-PH Classification

After nested spatial evaluation, one mapping combination was retained for each trait
and refitted using all 234 measured plots before application to the complete set of 6197 soy-
bean planting plots. For SPAD, G4 was selected in four of the five outer folds, although the
selected algorithm varied among PLSR, ExtraTrees, SVR and BayesianRidge. All five se-
lected SPAD combinations were tied at one outer-fold selection; ExtraTrees with G4 was
retained for field-scale mapping because it produced the lowest mean inner-cross-validated
RMSE among these tied candidate combinations across the five outer-training datasets. For
PH, G5 was selected in all five outer folds, with BayesianRidge selected in three folds and
PLSR in two folds. BayesianRidge with G5 was therefore retained for PH mapping. These
combinations are referred to as retained mapping models rather than as uniquely superior
algorithms. Raw predictions were retained for traceability. Quality-controlled predictions
were used for field-scale mapping and relative SPAD-PH classification.

Prediction quality control was conducted before generating the relative SPAD-PH
classification map. SPAD predictions were retained because no physically invalid final
SPAD values were produced. Predicted PH values of 0 cm or lower were considered
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physically invalid, retained as a separate quality control category and excluded from the
four relative SPAD-PH classes.

Predicted SPAD and valid predicted PH were standardized into z-scores using the
field-wide mean and standard deviation of each predicted trait. Plots were then assigned
to four relative SPAD-PH classes according to the signs of the two z-scores: High SPAD-
High PH, High SPAD-Low PH, Low SPAD-High PH and Low SPAD-Low PH. In this
classification, “High” and “Low” indicate predicted values above and below the corre-
sponding field-wide mean, respectively. The classes therefore describe relative combina-
tions of predicted SPAD and PH within this experimental field and do not represent in-
dependent physiological, stress or agronomic thresholds. To characterize the joint distri-
bution underlying the relative classification, Pearson’s correlation coefficient was calcu-
lated separately for the 234 paired field observations and for the quality-controlled field-
scale SPAD and PH predictions. The predicted-data analysis excluded plots with physi-
cally invalid PH predictions. The corresponding observed and predicted joint distribu-
tions were examined using scatterplots, with the mean SPAD and PH values of each da-
taset shown as reference lines. These correlations were treated as descriptive summaries
of the two datasets rather than as independent evidence of biological coupling between
the traits. The final products included predicted SPAD, predicted PH and the four relative
SPAD-PH classes for all valid plots, with invalid PH predictions retained as a separate
quality control category.

3. Results
3.1. Model Performance and Algorithm Comparison

The random fivefold cross-validation comparison showed different performance pat-
terns for SPAD and PH and identified the combinations subsequently retained for field-
scale mapping (Figure 3). For SPAD, ExtraTrees with the G4 feature group, which combined
multispectral bands, VIs, and RGB descriptors, produced the numerically highest R? and
lowest RMSE under random cross-validation. This model achieved a cross-validated R? of
0.59, an RMSE of 6.66, an MAE of 4.63, a bias of 0.21 and an rRMSE of 15.5% (Figure 3a). The
observed versus predicted relationship showed that predictions were concentrated around
the central SPAD range and compressed at the upper end of the observed range. This pat-
tern indicates that the model is more suitable for characterizing relative SPAD variation
among plots than for accurately reproducing extreme high SPAD values.

For PH, BayesianRidge with the G5 feature group, which combined multispectral
bands, VIs, and DSM-derived metrics, produced the numerically highest R? and lowest
RMSE under random cross-validation. This model produced a cross-validated R? of 0.760,
an RMSE of 7.14 cm, an MAE of 5.53 cm, a bias of -0.08 cm, and an rRMSE of 16.3% (Figure
3b). Compared with SPAD, PH showed a tighter observed versus predicted relationship.

The algorithm comparison under the selected feature settings showed that model
ranking differed between the two traits (Figure 4). For SPAD under the G4 setting, Ex-
tralrees achieved the lowest RMSE, followed by BayesianRidge, SVR, RandomForest,
PLSR and XGBoost. Paired tests based on cross-validated absolute errors showed that
PLSR and XGBoost had significantly higher errors than ExtraTrees after Holm correction.
The differences between ExtraTrees and BayesianRidge, SVR and RandomForest were not
significant (Figure 4c).
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Figure 3. Random cross-validated prediction performance of the combinations retained for field-
scale mapping. (a) Observed versus predicted SPAD values for ExtraTrees using the G4 feature
group. (b) Observed versus predicted PH for BayesianRidge using the G5 feature group. Dashed
black lines indicate the 1:1 relationship. The metrics shown in this figure were calculated using ran-
dom fivefold cross-validation and are presented for comparative model description rather than as

selection-independent accuracy estimates.
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Figure 4. Random cross-validated performance comparison of six regression algorithms under the
retained trait-specific feature settings. (a,b) R? values for SPAD and PH, respectively. (c,d) RMSE
values for SPAD and PH, respectively. SPAD was evaluated using the G4 feature group, whereas
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PH was evaluated using the G5 feature group. Asterisks above the bars in the RMSE panels indicate
significant differences in cross-validated absolute errors relative to the retained mapping model for
each trait after Holm correction. *, p < 0.05; **, p < 0.01; ***, p < 0.001.

For PH under the G5 setting, BayesianRidge achieved the lowest RMSE, followed by
PLSR, XGBoost, SVR, RandomForest and ExtraTrees. SVR, RandomForest and ExtraTrees
had significantly higher errors than BayesianRidge after Holm correction (Figure 4d).
PLSR and XGBoost showed lower errors than the other non-selected models, but their
differences from BayesianRidge were not significant after correction.

The complete performance matrices further showed how the feature-group patterns
changed between random and spatially blocked cross-validation (Figure 5). Under ran-
dom cross-validation, ExtraTrees with G4 produced the numerically highest SPAD per-
formance (R? = 0.59), whereas BayesianRidge with G5 produced the highest PH perfor-
mance (R? = 0.76). Under spatial block cross-validation, the corresponding selected com-
binations retained similar performance, with R?=0.546 and RMSE =7.00 for SPAD and R?
=0.737 and RMSE = 7.49 cm for PH.
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Figure 5. Performance of the six regression algorithms and six UAV feature groups under random
and spatial-block fivefold cross-validation. (a) Random cross-validated R? for SPAD. (b) Spatial
block cross-validated R? for SPAD. (c) Random cross-validated R? for PH. (d) Spatial block cross-
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validated R? for PH. Rows indicate the six feature groups, and columns indicate the regression al-
gorithms. Numbers within the cells are the corresponding cross-validated R? values. Black or white
text is used solely to maximize contrast with the cell background and has no additional analytical
meaning. The color scale indicates the magnitude of the cross-validated R? values. VIs, vegetation
indices; DSM, digital surface model; PH, plant height.

For SPAD, the precise algorithm ranking changed slightly under spatial blocking.
SVR with G4 produced the numerically highest spatially blocked R? of 0.56, while Ex-
traTrees with G4 remained nearly equivalent at R? = 0.55. Across the six algorithms, G4
generally remained competitive, but the addition of RGB descriptors did not improve
every model. These results indicate that RGB descriptors provided a small and model-
dependent incremental contribution rather than a uniformly strong improvement in
SPAD prediction.

The PH pattern was more consistent across the two validation strategies. Feature
groups containing DSM metrics, particularly G5, clearly outperformed groups based only
on bands, VIs or RGB descriptors. Under spatial block cross-validation, BayesianRidge
with G5 retained the highest R? of approximately 0.74, followed by PLSR with G5 at 0.70.
Adding RGB descriptors to form the complete G6 stack did not further improve PH per-
formance. Thus, spatial separation produced only modest reductions in accuracy and did
not alter the principal conclusion that DSM-derived information contributed more clearly
to PH than RGB descriptors contributed to SPAD.

Nested spatial cross-validation provided a more conservative evaluation in which
algorithm and feature-group selection was conducted entirely within the outer-training
data (Figure 6). The pooled outer-fold predictions yielded R? = 0.473, RMSE = 7.56, and
MAE =5.24 for SPAD. For PH, the corresponding nested estimates were R?=0.690, RMSE
=8.13 cm, and MAE =6.11 cm.

For SPAD, G4 was selected in four of the five outer folds, but no single algorithm was
consistently dominant. PLSR, ExtraTrees, SVR and BayesianRidge with G4 were each se-
lected once, while the remaining fold selected ExtraTrees with G6. Thus, the G4 feature-
family pattern was more stable than the identity of a specific SPAD algorithm. Because all
five complete combinations were tied at one outer-fold selection, their mean inner-cross-
validated performance across the five outer-training datasets was compared. ExtraTrees
with G4 had the lowest mean inner-cross-validated RMSE of 7.18, followed closely by SVR
with G4 at 7.20, and was therefore retained for field-scale mapping.

For PH, G5 was selected in all five outer folds. BayesianRidge with G5 was selected
in three folds and PLSR with G5 in two folds. BayesianRidge with G5 also had a lower
mean inner-cross-validated RMSE across the outer-training datasets than PLSR with G5
(8.37 versus 8.54 cm) and was therefore retained as the PH mapping combination. Overall,
the nested results provided stronger evidence for the stability of the trait-specific feature
groups—particularly G5 for PH—than for the universal superiority of an individual re-
gression algorithm.
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Figure 6. Nested spatial cross-validation of algorithm and feature-group selection for SPAD and PH.
(a,b) Observed values and pooled outer-fold predictions for SPAD and PH, respectively. In each
outer iteration, one spatial block was withheld exclusively for evaluation, while all 36 algorithm—
feature-group combinations were compared using inner spatial cross-validation within the remain-
ing four blocks. Point colors indicate the outer validation blocks, and dashed black lines indicate the
1:1 relationship. (c,d) Outer-fold selection frequencies of the algorithm—feature-group combinations
for SPAD and PH, respectively. Rows represent the six feature groups, and columns represent the
six regression algorithms. Panels (c) and (d) use the same feature-group order, with the row labels
shown in panel (c¢). Numbers within the cells indicate the number of outer folds, from 0 to 5, in
which each combination was selected. All cell annotations are shown in white solely to maximize
contrast with the heatmap background. The color scale also indicates the number of outer folds. VIs,

vegetation indices; DSM, digital surface model; PH, plant height.

3.2. Feature-Group Contribution and Important Predictors

The feature-group ablation analysis showed a trait-dependent pattern in the contri-
bution of UAV information sources (Figure 7). For SPAD, the bands-only baseline pro-
duced an R? of 0.46 and an RMSE of 7.67. VIs improved performance to R? = 0.57 and
RMSE = 6.81. Combining multispectral bands with vegetation indices produced a similar
result (R? = 0.58, RMSE = 6.77). Under random cross-validation, the numerically highest
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SPAD performance was obtained after adding RGB descriptors in G4, with R? increasing
to 0.59 and RMSE decreasing to 6.66. Adding DSM metrics in G5 did not improve perfor-
mance beyond G4, and the full feature stack in G6 was slightly weaker than G4. Paired
tests showed that G1 and G3 had significantly higher absolute errors than G4 after Holm
correction (Figure 7c).

a b
0.66
0.80
0.60 4
0.72 1
o~ 0.54 4 ~
o o
0.64
0.48 A
0.56 -
0.42
c d

Gl G e G G G & G @ e G o
Bands Vls  Bands+Vis +RGB +DSM All Bands Vis  BandstVls +RGB +DSM All
Figure 7. Feature-group ablation analysis for SPAD and PH prediction. (a,b) Cross-validated R?
across the six feature groups. (c,d) RMSE across the six feature groups. The SPAD panels used Ex-
traTrees as the fixed model, and the PH panels used BayesianRidge as the fixed model. Asterisks in
the RMSE panels indicate significant differences in cross-validated absolute errors relative to G4 for
SPAD and G5 for PH after Holm correction. *, p < 0.05; **, p < 0.01; ***, p < 0.001. G1, bands; G2,
vegetation indices; G3, bands plus VIs; G4, bands plus VIs plus RGB descriptors; G5, bands plus VIs
plus DSM metrics; G6, all feature groups.

For PH, the bands-only baseline produced an R? of 0.56 and an RMSE of 9.67 cm. VIs
improved performance to R?=0.61 and RMSE =9.15 cm; G3 showed similar performance
(R?=10.60, RMSE = 9.23 cm). Adding RGB descriptors in G4 resulted in a limited gain (R?
= 0.62, RMSE = 8.98 cm). Under random cross-validation, the largest improvement oc-
curred when DSM metrics were added in G5, which increased R2 to 0.76 and reduced
RMSE to 7.14 cm. Performance declined again when all feature groups were combined in
G6. Paired tests showed that G1, G2, G3 and G4 had significantly higher absolute errors
than G5 after Holm correction (Figure 7d). Model performance did not increase monoton-
ically with predictor number. G6 contained the largest candidate feature set, with 298 pre-
dictors, but did not outperform G4 for SPAD or G5 for PH. Thus, the observed rankings
cannot be explained simply by the inclusion of more variables. Nevertheless, because the
feature groups were not matched in dimensionality, their performance differences are in-
terpreted as block-level predictive comparisons rather than as a dimension-controlled de-
composition of biological effects. The nested spatial analysis provided an additional as-
sessment of feature-group stability: G4 was selected in four of the five outer folds for
SPAD, whereas G5 was selected in all five outer folds for PH.
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Permutation importance further identified the dominant predictors within the se-
lected models (Figure 8). For SPAD, the highest ranked predictors included TCARI max,
MTCI p10, NDRE p90, RGB ExG max, OSAVI p75, NDVI p75 and TCARI p90 (Figure 8a).
For PH, the top-ranked predictors included the minimum normalized red—green index,
the relative DSM percentile spread (P75-P25), the standard deviation of the red-edge DVI,
the minimum MCARI, the DSM coefficient of variation, the relative DSM upper spread
(maximum-P10), and the P75 of the normalized red-green index (Figure 8b). These rank-
ings were interpreted descriptively because correlated predictors may share or redistrib-
ute permutation importance. Among the leading variables, the retained SPAD model con-
tained several vegetation-index and RGB predictors. The retained PH model included sev-
eral DSM-derived and within-plot structural variability predictors.

b
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Figure 8. Permutation-based predictor importance for the retained mapping models. (a) ExtraTrees
with the G4 feature group for SPAD. (b) BayesianRidge with the G5 feature group for PH. Bars show
the mean decrease in R? across 30 permutations, and error bars show the corresponding standard
deviation. P10, P75 and P90 denote the 10th, 75th and 90th percentiles, respectively; SD denotes
standard deviation; and CV denotes coefficient of variation. Relative DSM spreads represent within-
plot differences between the specified DSM percentiles or extrema and should not be interpreted as
ground-normalized canopy height. Permutation importance was calculated after refitting the re-
tained models using all 234 measured plots and is presented only as a descriptive interpretation of
the fitted models. Because many predictors were correlated, individual rankings should not be in-

terpreted as unique or causal contributions.

3.3. Field-Scale Prediction Results and Relative SPAD—-PH Patterns

The paired field observations showed a moderate positive association between SPAD
and PH (Pearson’s r = 0.404, n = 234; Figure 9a). After excluding the 12 plots with physi-
cally invalid PH predictions, the quality-controlled field-scale predictions showed a
stronger positive association (r = 0.566, n = 6185; Figure 9b). The joint predicted distribu-
tion was therefore more strongly concentrated along a positive SPAD-PH gradient than
the observed distribution. Consequently, the relative abundance of the four SPAD-PH
classes should be interpreted in relation to both the marginal distributions and the posi-
tive association between the two predicted traits rather than as evidence of discrete bio-
logical types.
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The final trait-specific models were applied to all 6197 soybean planting plots to gen-
erate field-scale prediction products (Figure 10). Predicted SPAD values ranged from
11.20 to 67.19 (Figure 10a), while quality-controlled PH predictions ranged from 0.32 to
91.26 cm (Figure 10b). Only 12 plots were flagged as invalid PH predictions, accounting
for 0.19% of all plots. The SPAD and PH maps showed clear spatial heterogeneity across

the field.
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Figure 9. Joint distributions of SPAD and PH in the measured and field-scale predicted datasets. (a)
Relationship between observed SPAD and PH across the 234 measured soybean plots. (b) Relation-
ship between quality-controlled field-scale SPAD and PH predictions across 6185 plots; 12 plots
with physically invalid PH predictions were excluded. Vertical and horizontal dashed lines indicate
the corresponding mean SPAD and PH values in each dataset. In panel (b), the field-wide predicted
means were used as the thresholds for defining the four relative SPAD-PH classes. Pearson’s corre-
lation coefficient and sample size are shown in each panel. The field-scale predicted relationship
describes the joint distribution of the mapping outputs and should not be interpreted as independ-

ent validation or as evidence of discrete biological types.

To compare relative within-field variation, predicted SPAD and valid predicted PH
were standardized as z-scores. The corresponding z score maps are provided in Figure S3.
These maps show the relative position of each plot within the field-wide prediction dis-
tribution, where negative values indicate below average predictions and positive values
indicate above average predictions. The z score maps also provided the basis for the sub-
sequent relative SPAD-PH classification.

After excluding the 12 plots with invalid PH predictions, 6185 plots remained for the
relative SPAD-PH classification (Figure 10c). Among the valid plots, the High SPAD-High
PH class contained 2689 plots (43.48%), the High SPAD-Low PH class contained 1529 plots
(24.72%), the Low SPAD-High PH class contained 572 plots (9.25%), and the Low SPAD-
Low PH class contained 1395 plots (22.55%). Invalid PH predictions were retained as a sep-
arate quality control category and were not included in the class percentages.
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Figure 10. Field-scale predictions and relative SPAD-PH classification across the 6197 soybean
planting plots. (a) Predicted SPAD. (b) Predicted PH after quality control. (c) Four field relative
SPAD-PH classes derived from whether standardized SPAD and PH predictions were above or
below their corresponding field-wide means. Cyan markers identify the 234 plots with field meas-
urements used to refit the mapping models; mapped values for these plots are fitted predictions and
do not constitute independent validation results. Grey polygons indicate plots with invalid PH pre-
dictions. The remaining plots had no direct field measurements and represent within-field model
predictions. The unequal intervals in panels (a) and (b) were selected to provide greater visual dis-
crimination around the central portions of the predicted distributions while retaining broader ter-
minal classes for relatively sparse extreme values; they should not be interpreted as equal width
categories. No formal applicability domain or plot-specific calibrated uncertainty assessment was
available, and the maps should therefore be interpreted as exploratory within-field point predic-

tions.

4. Discussion
4.1. Trait-Specific Feature Contribution and Model Interpretation

Previous UAV phenotyping studies have demonstrated the value of combining spec-
tral, colour, texture and structural information for crop trait estimation, including soybean
yield prediction, growth monitoring and canopy structure assessment [22,24,26,35]. How-
ever, multisource predictors are often evaluated as a single fused feature pool or for one
target trait at a time, making it difficult to determine whether the same information source
provides equal predictive value for chlorophyll-related and structural traits. The method-
ological contribution of the present study is therefore not a new regression algorithm but
a controlled comparison of six predefined UAV information-source blocks using the same
measured plots, validation partitions and model set. The groups nevertheless differed
substantially in dimensionality, ranging from 36 predictors in G1 to 289 predictors in G6.
Their performance differences should therefore not be interpreted as a dimension-con-
trolled or causal decomposition of biological effects but as comparisons of complete infor-
mation-source blocks that may reflect information content together with redundancy, di-
mensionality and model-specific regularization.
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Performance did not increase monotonically with feature-group size. Vegetation in-
dices provided a common predictive basis, RGB descriptors produced a small and model-
dependent incremental gain for SPAD, and DSM-derived metrics produced the principal
improvement in PH. The complete G6 stack contained the largest number of predictors
but did not outperform G4 for SPAD or G5 for PH, indicating that predictor number alone
did not determine the rankings. At the same time, because the groups were not matched
in dimensionality, the differences cannot be attributed exclusively to the biological rele-
vance of a feature source. These findings are therefore interpreted as block-level predictive
patterns within the evaluated modelling framework.

Spatial-block and nested spatial cross-validation provided additional assessments of
the stability of these patterns. For the retained combinations, spatial-block R? values were
0.546 for SPAD and 0.737 for PH, compared with random-cross-validation values of 0.589
and 0.760, respectively. Nested spatial cross-validation yielded more conservative esti-
mates of R? = 0.473 for SPAD and R? = 0.690 for PH. G4 was selected in four of the five
SPAD outer folds, although the selected algorithm varied among PLSR, ExtraTrees, SVR
and BayesianRidge. In contrast, G5 was selected in all five PH outer folds, with Bayesian-
Ridge selected in three folds and PLSR in two. These results provide stronger evidence of
the stability of the broad feature-family pattern—particularly the predictive value of
DSM-containing features for PH—than for the universal superiority of an individual pre-
dictor or algorithm.

The moderate predictive performance, particularly for SPAD, likely resulted from
limitations in the reference data and feature representation rather than from the choice of
a single algorithm. The 234 measured plots represented a broad soybean panel, but obser-
vations were less densely represented at the extremes and all UAV predictors were de-
rived from one acquisition date. SPAD was based on leaf measurements summarized to
the plot level, whereas the UAV predictors represented the visible canopy surface, creat-
ing an observational-scale mismatch. PH corresponded more directly to the DSM-derived
canopy surface metrics and therefore achieved higher accuracy, although these metrics
should not be interpreted as direct ground-normalized PH. In addition, the large number
of correlated predictors relative to the measured sample size may have limited model gen-
eralization and redistributed permutation importance among related variables. The simi-
lar performance of several algorithms suggests that the main constraints arose from the
reference data and predictor representation rather than from model choice alone.

4.2. Interpretation of UAV Feature Responses for SPAD and PH

SPAD is widely used as an indicator of leaf chlorophyll-related status, but it is not
equivalent to directly measured chlorophyll content. UAV imagery observes the visible
canopy surface, whereas SPAD measurements are leaf-based observations aggregated to
the plot level. Chlorophyll-sensitive indices such as NDRE, MTCI, MCARI and TCARI are
useful because they respond to pigment absorption and red-edge reflectance patterns
[10,11]. However, canopy level spectral responses are also affected by canopy structure,
soil background, illumination and saturation [14,36]. Together, these factors help explain
the moderate SPAD accuracy and the compression of predictions at the high end of the
observed range. The model should therefore be interpreted primarily as a tool for charac-
terizing relative plot-level SPAD variation; predictions at the extreme upper end should
be treated with caution. The broad observed range was useful for model calibration be-
cause it included contrasting soybean phenotypes. However, the smaller number of ob-
servations at the extremes, particularly at high SPAD values, likely caused the predictions
to regress toward the central range. The SPAD model should therefore be interpreted
mainly as a tool for characterizing relative variation among plots rather than for precise
prediction of extreme values. Because all algorithms and feature groups were evaluated
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using the same measured plots and validation partitions, the uneven trait distribution
does not change the main comparative conclusions regarding trait-specific feature contri-
butions, although it affects absolute prediction accuracy.

RGB descriptors should be interpreted as visible colour features rather than as a com-
pletely separate non-spectral data source. Although RGB information is also optical infor-
mation, it differs from calibrated multispectral bands because it captures fine resolution
visible greenness, colour balance and canopy background contrast. ExG and related col-
our descriptors have been widely used to describe green vegetation cover and separate
vegetation from soil background [17,18]. In dense soybean plots, such visible colour de-
scriptors can complement vegetation indices by representing canopy cover, row gaps and
within-plot heterogeneity. Their contribution to SPAD prediction should therefore be un-
derstood as an indirect canopy colour signal rather than a direct chlorophyll measurement.

For PH, the contribution of DSM features is consistent with the structural nature of the
trait. The DSM represented the visible canopy surface reconstructed from photogrammetry;
its percentiles, dispersion measures and percentile differences described plot-level surface
elevation and structural variability. Previous UAV studies have shown that photogrammet-
ric crop-surface products can support high-throughput crop height estimation [19,20,31]. In
the present relatively flat field, DSM dispersion and percentile-difference metrics were use-
ful because they emphasized within-plot surface variation and were less affected by a com-
mon local elevation offset than absolute DSM values. However, the DSM metrics were not
equivalent to direct PH measurements or to a fully ground-normalized canopy height
model. Their strong contribution should therefore be interpreted as evidence that the recon-
structed canopy surface structure improved PH prediction in this field. In fields with
stronger microrelief, terrain normalization or point-cloud-based ground modelling would
be required before transferring the same structural interpretation.

4.3. Field-Scale Interpretation of Relative SPAD—PH Classes

The joint SPAD-PH classification provides a simple way to summarize the relative
positions of plots within the field-wide prediction distributions. The four classes were de-
fined only by whether predicted SPAD and PH were above or below their corresponding
field means. High SPAD-High PH and Low SPAD-Low PH therefore indicate plots in
which the two predicted traits vary in the same relative direction, whereas High SPAD-
Low PH and Low SPAD-High PH indicate contrasting relative patterns. These classes
describe within-field combinations of predicted SPAD and PH rather than independently
defined physiological states. The observed SPAD-PH relationship was moderately posi-
tive (r = 0.404), whereas the association between the two field-scale predictions was
stronger (r = 0.566). This positive covariance contributed to the relatively large proportion
of plots assigned to the High SPAD-High PH class. However, the predicted correlation
may also reflect shared predictor information, model smoothing and the marginal distri-
butions of the two model outputs. Consequently, neither the predicted correlation nor the
class proportions demonstrate the existence of discrete biological classes. They provide
only a relative summary of joint predicted SPAD and PH variation within this field and
acquisition date.

The classification should not be interpreted as a direct mapping of crop stress, nutri-
tional condition, yield potential or genotype superiority. Its thresholds depend on the pre-
dicted distributions in this particular field and may change in another field, growth stage
or season. The main value of the classification is to support relative comparison and tar-
geted follow-up sampling by identifying plots with similar or contrasting predicted SPAD
and PH patterns. Independent measurements of yield, nutrient status or stress would be
required before specific agronomic interpretations could be assigned to these classes.

https://doi.org/10.3390/rs18152642


https://doi.org/10.3390/rs18152642

Remote Sens. 2026, 18, 2642

22 of 26

4.4. Limitations and Future Perspectives

Several limitations should be noted. First, the models were developed using 234
measured plots from a single field experiment and UAV imagery acquired on one obser-
vation date, 15 March 2024. Spatial-block and nested spatial cross-validation were added
to reduce the influence of local spatial similarity and to separate algorithm—feature-group
selection from outer-fold evaluation. Nevertheless, all validation strategies remained in-
ternal to the same field, acquisition date, growth stage and management environment.
The present results therefore demonstrate within-field robustness rather than transfera-
bility across environments or seasons. Because the soybean accessions were evaluated on
the same calendar date but could differ in developmental stage, part of the observed var-
iation in SPAD, PH, canopy cover and UAV-derived predictors may reflect phenological
differences among accessions. The present single-date analysis could not separate these
phenological effects from other accession-related differences. In addition, each soybean
accession was represented by a single planting plot, so genotype-level biological replica-
tion was unavailable and accession-related variation could not be completely separated
from localized environmental heterogeneity. Although all plots received uniform and ad-
equate irrigation and fertilization, the exact irrigation volumes, fertilizer application rates
and application dates were not retained in the field records. Independent validation using
replicated experiments across additional years, sites and growth stages remains necessary
before the retained feature-group patterns can be considered broadly transferable.

Second, the SPAD measurements and UAV predictors represented different obser-
vational scales. Although plot-level SPAD was averaged from measurements of 15 leaves
across five plants, the original observations remained leaf-based whereas the UAV pre-
dictors summarized spectral and colour information across the complete plot polygons.
The SPAD model should therefore be interpreted as predicting a plot-level average indi-
rectly associated with canopy spectral response and visible colour, which may also reflect
canopy cover, row gaps, shadows and background exposure. It does not provide a direct
retrieval of leaf chlorophyll content. Because no internal polygon buffer or independently
validated canopy mask was used, residual edge mixing, shadows, exposed soil and un-
certainty in the manually delineated plot boundaries may also have affected some plot-
level predictors. This scale mismatch, together with the absence of an independently val-
idated canopy mask, may partly explain the reduced sensitivity at the extremes of the
SPAD distribution. Future studies should compare whole-plot and canopy-mask-based
feature extraction using independently validated vegetation masks and more spatially in-
tensive leaf sampling.

Third, the PH analysis used DSM-derived canopy surface metrics rather than a fully
ground-normalized canopy height model. Dense soybean cover limited reliable ground-
point separation within the planting plots. Estimating the ground surface from surround-
ing bare areas would require the assumption of a nearly level field. The experimental field
was relatively flat, so within-plot DSM dispersion and percentile-difference metrics re-
mained useful for characterizing relative structural differences. Nevertheless, absolute
DSM statistics may include residual effects of ground elevation, and the resulting predic-
tions should not be interpreted as direct canopy-height retrievals. Constructing a valid
ground-normalized canopy-height model would require an independent pre-emergence
terrain survey or reliable ground observations within the planting plots; neither was avail-
able in the present experiment and neither can be reconstructed retrospectively from the
densely closed canopy. Fourth, the field-scale maps were generated without a formal ap-
plicability domain or feature novelty assessment. Consequently, the study could not de-
termine which predictions for the 5963 unmeasured plots represented interpolation
within the calibration feature space and which represented multivariate extrapolation.
Plot-specific calibrated prediction intervals were also unavailable. The maps should
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therefore be interpreted as exploratory within-field point predictions rather than applica-
bility-screened or uncertainty-calibrated products.

5. Conclusions

This study showed that soybean SPAD and PH did not benefit from the same prede-
fined UAV feature combination. Although vegetation indices formed a common predic-
tive basis for both traits, the additional information required for improving model perfor-
mance was clearly trait-specific. Under random fivefold cross-validation, ExtraTrees with
G4 produced the numerically highest SPAD performance (R? = 0.589; RMSE = 6.66) but
BayesianRidge with G5 produced the numerically highest PH performance (R? = 0.760;
RMSE =7.14 cm). When algorithm and feature-group selection were separated from final
evaluation using nested spatial cross-validation, the corresponding outer-fold estimates
decreased to R? = 0.473 and RMSE =7.56 for SPAD and R?=0.690 and RMSE = 8.13 cm for
PH. G4 was selected in four of the five outer folds for SPAD, although no single SPAD
algorithm was consistently dominant. In contrast, G5 was selected in all five outer folds
for PH, providing stronger evidence for the stability of the DSM-containing feature group.
ExtraTrees with G4 and BayesianRidge with G5 were retained as representative field-scale
mapping combinations rather than as uniquely superior algorithms. RGB descriptors
therefore provided only a small and model-dependent incremental contribution to SPAD,
whereas DSM-derived canopy surface metrics provided a larger and more stable contri-
bution to PH. These DSM-based predictors should be interpreted as canopy surface indi-
cators rather than as direct ground-normalized canopy-height measurements. Im-
portantly, the full feature stack was not optimal for either trait, demonstrating that UAV
multisource fusion should not be treated as simple feature accumulation. Instead, feature
selection should be guided by the biological interpretation of the target trait and sup-
ported by validation evidence. Applying the retained models to all 6197 soybean plots
provided a within-field, single-date characterization of relative SPAD and PH variation
and a basis for targeted follow-up sampling, rather than evidence of model transferability
across years, sites or growth stages.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/rs18152642/s1, Table S1, vegetation indices, RGB descriptors
and DSM-derived metrics used for plot level UAV feature extraction. Full names or descriptions are
given in parentheses in the Feature column. Green, Red, RedEdge and NIR denote reflectance values
from the multispectral orthomosaics, whereas R, G and B denote RGB channel values. Red edge
indices were implemented using the UAV RedEdge band. The RGB channels were converted from
their native integer values to the 0-1 range before calculation of the RGB descriptors. This conver-
sion provided a common numerical scale and was not a per pixel normalization by R + G + B. No
additional RGB specific radiometric or illumination correction was applied. The RGB derived vari-
ables were therefore interpreted as relative within field color descriptors rather than calibrated re-
flectance quantities. Reference numbers correspond to the reference list in the main manuscript
[3,8,9,13,15,25,32,37-47]; Table S2, software environment, preprocessing procedures, model settings
and validation configuration used in the modelling workflow.; Figure S1, spatial validation blocks
used for fivefold cross-validation. The 234 measured plots were assigned to five non-overlapping
spatial validation blocks according to their plot-centroid coordinates. In each iteration, one complete
block was withheld for evaluation and the remaining four blocks were used for model fitting. Block
assignments were kept identical across all algorithms and feature groups; Figure S2, observed and
out-of-fold predicted values under spatial-block cross-validation. (a) SPAD predictions from Ex-
traTrees using the G4 feature group. (b) PH predictions from BayesianRidge using the G5 feature
group. Point colours indicate the spatial block withheld in each validation iteration, and dashed

lines indicate the 1:1 relationship. VIs, vegetation indices; DSM, digital surface model; PH, plant
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height; Figure S3, standardized prediction maps for soybean SPAD and PH. (a) SPAD z-score map
derived from the retained SPAD mapping model. (b) PH z-score map derived from the retained PH
mapping model after quality control. Z-scores were calculated using the field-wide mean and stand-
ard deviation of the corresponding predicted trait. Negative values indicate below-average pre-
dicted values, whereas positive values indicate above-average predicted values; Figure S4, Distri-
butions of the field-measured reference traits across the 234 measured soybean plots. (a) Observed
SPAD values. (b) Observed PH. Dashed vertical lines indicate the corresponding means. Extreme

observations were retained when no instrument, transcription or field-record error was identified.
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