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Highlights

What are the main findings?

e  UAV flights at 40 m AGL best matched ground plant height (R? ~ 0.83 under leave-
one-genotype-out cross-validation; R? ~ 0.55 under the stricter leave-one-date-out
scheme—the figure relevant to a new phenological stage).

e  Spectral-index repeatability was up to ~2-fold higher under water stress; a UAV
composite Stress Tolerance Index captured 10 of the breeder’s 48 selections in its top
30 (4.1-fold enrichment; p < 107%).

What are the implications of the main findings?

e Forty m AGL should be the operational standard for canopy height phenotyp-
ing in sesame breeding, especially under drought where sparse canopies amplify
altitude sensitivity.

e  The UAV composite STI provides a scalable, non-destructive framework for drought
ranking in large unreplicated mutagenesis populations, with meaningful concordance
to breeder selection.

Abstract

Early-generation sesame (Sesamum indicum L.) breeding requires high-throughput pheno-
typing of large unreplicated populations across contrasting environments. A DJI Phantom
4 Multispectral UAV was flown at 40, 80, and 120 m above ground level (AGL) over 588 M,
genotypes under full irrigation (ENV1) and terminal drought (ENV2; irrigation withheld
from reproductive onset) on four dates (July-September 2025). Structure-from-motion
canopy height models were compared with ground measurements, and four spectral
reflectance indices—Normalised Difference Vegetation Index (NDVI), Normalised Differ-
ence Red Edge (NDRE), Green Normalised Difference Vegetation Index (GNDVI), and
Leaf Chlorophyll Index (LCI)—were derived from 40 m imagery. Ordinary least squares
(OLS), Random Forest, and Gradient Boosting were evaluated under leave-one-genotype-
out (LOGO), leave-one-environment-out (LOEO), and leave-one-date-out (LODO) cross-
validation; genotypic repeatability was quantified by intraclass correlation (ICC), and
drought performance was ranked by a composite Stress Tolerance Index (STI) validated
against an independent breeder assessment. The 40 m altitude gave the highest height
accuracy (R? = 0.812 in ENV1; 0.663 in ENV2). LOGO accuracy (R? ~ 0.83) fell to R? ~ 0.55
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under LODO—the operationally relevant figure for a new phenological stage—and the
full structural-spectral OLS model collapsed (R% = —0.203) where tree ensembles remained
stable. Spectral-index repeatability was up to ~2-fold higher under stress (ICC(3,4) > 0.84).
The composite STI flagged 38 elite genotypes (7.6% of 498); 10 of its top 30 were confirmed
in the breeder’s 48-best selection from all 588 rows—a 4.1-fold enrichment over chance
(hypergeometric p = 4.5 x 107°).

Keywords: sesame; UAV remote sensing; high-throughput phenotyping; spectral reflectance
indices; canopy height; drought tolerance; stress tolerance index; mutagenesis breeding

1. Introduction

Sesame (Sesamum indicum L.; family Pedaliaceae) is one of the earliest domesticated
oilseed crops, cultivated for more than five millennia [1]. Its seeds contain 45-63% oil with
a favourable fatty acid profile and high concentrations of antioxidant lignans, conferring
nutritional and functional value [2-6]. Global production reached ~6.74 million tonnes in
2022, with about 79% concentrated in ten countries led by Sudan and India [7].

Greece is the highest per capita sesame consumer in Europe—the crop being central to
tahini, halva, and pasteli—yet European production is negligible and the continent depends
almost entirely on imports [8]. Scientific work on sesame in Greece is limited [9,10], and
the narrow genetic base of available Greek germplasm constrains selection, making the
introduction of new genetic variation a prerequisite for breeding progress.

Sesame breeding globally is constrained by the absence of high-yielding, locally
adapted varieties, susceptibility to capsule shattering, biotic and abiotic stresses, and limited
modern pre- and post-harvest technologies [11]. Capsule shattering alone causes seed losses
of up to 50% at harvest, rendering the crop unsuitable for mechanised production [12].
Key breeding targets—determinate growth, high harvest index, non-shattering capsules,
disease resistance—are rarely combined in cultivated material [13,14], and susceptibility
to drought at the capsule filling stage further constrains yield stability in Mediterranean
environments [15,16].

Mutagenesis broadens the genetic base of self-pollinating crops with narrow diversity.
In sesame, gamma irradiation introduces novel allelic variation for capsule indehiscence,
plant architecture, and stress tolerance, generating broad phenotypic variation in M,
populations [17,18]; adequate coverage of the mutation spectrum requires hundreds to
thousands of progeny rows [17], rendering ground-based phenotyping across environ-
ments and dates operationally impractical [19,20]. Direct yield assessment at M; is further
precluded by the absence of within-genotype replication, sub-commercial sowing densities,
and the low broad-sense heritability of seed yield in sesame (H? ~ 14%), contrasting with
H? = 62-72% reported for plant height and phenology [21,22]. Indirect selection through
higher-heritability secondary traits correlated with yield—canopy height, vigour, spectral
indices—offers greater expected response per cycle [9,23], motivating UAV-based remote
sensing as a high-throughput phenotyping strategy for early-generation populations.

UAV canopy height modelling from structure-from-motion (5fM) photogrammetry
of overlapping RGB or multispectral imagery has been validated against ground ref-
erence in barley [24], wheat [25,26], and sorghum [27,28], with sufficient precision to
support genotypic selection. Flight altitude is a critical determinant of accuracy: lower
altitudes yield finer ground sampling and denser point clouds, improving digital sur-
face model fidelity, while higher altitudes reduce resolution and introduce sub-canopy
mixing artefacts [27,29]. In sesame, UAV remote sensing has been applied to spectral
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screening [9], hyperspectral yield estimation [30], and temporal phenotyping [31], but
systematic benchmarking of flight altitude on canopy height accuracy under contrasting
water-availability has not been reported. As plant height shows substantially higher her-
itability than seed yield in sesame [21] and correlates with biomass and stress response,
accurate UAV-based estimation across environments and growth stages is directly relevant
to early-generation screening.

Compact integrated multispectral UAV platforms—combining an RGB camera with
narrow-band sensors spanning the blue, green, red, red-edge, and near-infrared regions—
enable concurrent acquisition of canopy structural and spectral data in a single flight [32-34],
a dual capability that supports repeated assessment across growth stages and environments
in breeding applications [31].

Multispectral indices sensitive to chlorophyll concentration, photosynthetic activity,
and canopy water status—Normalised Difference Vegetation Index (NDVI) [35], Green
Normalised Difference Vegetation Index (GNDVI) [36], Normalised Difference Red Edge
(NDRE) [37], and Leaf Chlorophyll Index (LCI) [38]—track canopy senescence dynamics,
respond to drought-induced defoliation, and discriminate genotypic variation [39-41].
Their utility in breeding derives from sensitivity to chlorophyll degradation and green-
ness loss under stress, physiologically linked to remobilisation efficiency and terminal
drought tolerance [42,43]. Petsoulas et al. [9] showed these indices effectively discriminate
genetic variation in canopy spectral properties in sesame, with recent work extending to
hyperspectral yield estimation [30] and multi-sensor precision phenotyping [31].

Translating UAV canopy metrics into ground-equivalent height requires calibration
against direct field measurement, typically by ordinary least squares regression, with per-
formance varying by altitude, growth stage, and irrigation [26,27,29]. Combining canopy
height with spectral reflectance indices as joint predictors improves accuracy by capturing
complementary vertical and foliar dimensions [44,45]. A frequently overlooked require-
ment for operational deployment is model transferability: calibrations that perform well un-
der leave-one-genotype-out cross-validation but fail across contrasting irrigation regimes or
phenologically distinct stages offer limited utility for early-generation selection [31,41,46].

Selection for drought tolerance in multi-environment evaluations commonly employs
the Stress Tolerance Index (STI) of Fernandez [47], which quantifies joint performance under
stress and non-stress conditions relative to the population mean—identifying accessions
combining high productivity with resilience rather than those merely tolerating stress
through yield suppression. Related indices [48,49] have been applied across species and
traits to rank germplasm under contrasting water regimes [50,51], including in sesame
drought evaluation [15,16].

Despite the expanding application of UAV remote sensing in field crop phenotyping,
systematic evaluation within a mutagenesis-based sesame breeding programme—spanning
multiple altitudes, contrasting irrigation environments, repeated seasonal campaigns, and
a large unreplicated M, population—has not been reported. The present study differs
from prior sesame UAV work—spectral screening [9], hyperspectral yield estimation [30],
genomic—temporal phenotyping [31] in adapted germplasm—by jointly benchmarking
flight altitude, testing model transferability across environments and phenological stages,
and validating a composite drought index against breeder selection in a segregating muta-
genesis population, consistent with the recent emphasis on rigorous, deployment-oriented
phenotyping pipelines [52,53]. Four specific objectives were addressed: (i) to benchmark
UAV canopy height estimation across three altitudes (40, 80, 120 m AGL) against ground-
measured height in two irrigation environments (ENV1: full irrigation; ENV2: irrigation
withheld from reproductive onset, imposing a 135 mm cumulative deficit) across four
campaigns; (ii) to evaluate four spectral reflectance indices (NDVI, NDRE, GNDVI, LCI) as
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additional predictors of ground height under leave-one-genotype-out (LOGO), leave-one-
environment-out (LOEO), and leave-one-date-out (LODO) cross-validation, comparing
OLS with Random Forest and Gradient Boosting; (iii) to quantify within-season geno-
typic repeatability of spectral indices via intraclass correlation coefficients across the two
irrigation regimes; and (iv) to rank the 588 M, genotypes for drought performance us-
ing a composite Stress Tolerance Index of five UAV-derived traits, validated against an
independent breeder visual assessment by a hypergeometric concordance test.

2. Materials and Methods
2.1. Plant Material, Experimental Design and Conditions

The 588 entries originated from 24 M, families derived from vy-irradiation of 24 se-
lected sesame lines [9]. Each family contributed a variable number of progeny rows
(denoted family—progeny, e.g., 1-1, 1-2, ..., 22-50) plus one control row representing the
unmutagenised parent line (1C through 24C) for within-trial comparison. The identical
layout—genotype allocation, row order, and spatial arrangement—was replicated across
both environments, so that each genotype was grown once under full irrigation and once
under water deficit. This corresponds to an unreplicated single-row design, with progeny
rows evaluated once per environment.

Field trials were established during the 2025 growing season at the Institute of In-
dustrial and Forage Crops (IIFC) of the Hellenic Agricultural Organisation—DIMITRA
(ELGO-DIMITRA) in Larissa, central Greece (Figure 1). Sowing was carried out on 22
May 2025; the 588 M, progeny rows were arranged as two spatially separated field blocks
corresponding to ENV1 (normal irrigation) and ENV2 (water stress), each comprising
21 rows x 28 plots = 588 single-row plots. Each plot was 1 m long (one row per plot),
with 1.5 m between adjacent rows. Each block occupied approximately 882 m?, separated
by a 9 m buffer strip to prevent cross-irrigation. Total trial area, including buffer, was
approximately 0.20 ha.

39.6089°N, 22.4225°E - WGS 1984 Web Mercator (EPSG:3857) - M2 mutagenesis programme, 2025 . .
—— L in Greece

4,809,400
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W

® o o
o A 29 o
N 0> o 0 o e ,L_,qﬁ N 10 I3

Figure 1. Location of the experimental site at IIFC/ELGO-DIMITRA, Larissa, central Greece, and
ground-level photograph of the sesame M, trial showing the two adjacent field blocks (ENV1, full
irrigation; ENV2, water stress) during the 2025 growing season. Inset map: red marker denotes
the trial site.Meteorological conditions and the water application regime during the trial period
(22 May-30 September 2025) are presented in Figure 2. Irrigation to ENV2 was terminated on 7
July 2025 (46 days after sowing), coinciding with the onset of flowering in sesame under central-
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Mediterranean conditions [54]. ENV2 received no further water input—neither supplementary
irrigation nor substantial rainfall—for the subsequent ~85 days, spanning flowering, capsule filling,
and maturation. Total precipitation over the trial period was 62.2 mm, of which the largest single
event (19.6 mm on 31 July) was the only rainfall exceeding 10 mm during the imposed-stress phase.
The cumulative water deficit in ENV2 relative to ENV1 reached 135 mm by the end of the season.
Complete irrigation cessation at reproductive onset, low summer precipitation, and the high thermal
regime of the central Greek plain during July—September together imposed severe terminal drought
stress on a crop sensitive to water deficit at the capsule filling stage [55,56].
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Figure 2. Meteorological conditions and water input during the sesame M, trial (Larissa, 22 May-30
September 2025). (a) Daily maximum, minimum, and mean air temperatures; shaded band, daily
Tmax—Tmin range; dashed line, sesame base temperature (Tb = 15.9 °C); vertical dotted lines, the
four UAV campaigns (11 July, 22 July, 6 August, 1 September) with cumulative growing degree days
(GDD) annotated. (b) Daily water input events (mm): ENV1-exclusive irrigation (blue); ENV2 events
(orange)—identical to ENV1 until 7 July (Days After Sowing (DAS) 46), after which irrigation was
withheld for the remainder of the season, yielding a 135 mm cumulative deficit relative to ENV1;
shared irrigation events (indigo); natural precipitation (grey). Step lines (right axis), cumulative
seasonal water totals for ENV1 (solid) and ENV2 (dashed).

2.2. UAV Data Acquisition and Plant Height Estimation

Ground plant height was measured manually on four dates—11 July (days after
sowing, DAS 40; growing degree days, GDD 563), 22 July (DAS 51; GDD 725), 6 August
(DAS 66; GDD 932), and 1 September (DAS 92; GDD 1241)—using a graduated rule on
the tallest fully expanded apex of each row, recorded to the nearest centimetre. GDD was
calculated following Petsoulas et al. [9].

UAV data were acquired on the same four dates under clear, calm conditions with
stable illumination and high solar elevation angles to minimise shadow effects. A bare-
soil reference flight was conducted at DAS 0, before canopy emergence, using the same
platform, flight plan, and processing pipeline as the canopy flights. All missions were
planned perpendicular to the sowing lines using DJI GS Pro (version 2.0.18 (10674); DJI,
Shenzhen, China) to reduce anisotropic row-orientation effects and improve photogram-
metric reconstruction, at three altitudes above ground level (40, 80, and 120 m AGL) with

https:/ /doi.org/10.3390/rs18132181


https://doi.org/10.3390/rs18132181

Remote Sens. 2026, 18, 2181

6 of 27

80% forward and side overlap and a flight speed of 5 m s~ 1. Due to strong winds during
the DAS 92 flight at 40 m, the corresponding DSM was excluded from height analyses;
multispectral imagery from that date was retained.

The UAV platform was the DJI Phantom 4 Multispectral (DJI, Shenzhen, China), carry-
ing one RGB camera and five multispectral sensors (blue 450 &+ 16 nm, green 560 + 16 nm,
red 650 £+ 16 nm, red-edge 730 £ 16 nm, near-infrared 840 £ 26 nm). Ground sampling
distances at 40, 80, and 120 m AGL were 2.1, 4.2, and 6.4 cm pixel !, respectively. Po-
sitional accuracy was ensured by the onboard real-time kinematic (RTK) receiver, with
real-time Radio Technical Commission for Maritime Services (RTCM) corrections delivered
via Networked Transport of RTCM via Internet Protocol (NTRIP) from the JGC-net network,
providing centimetre-level horizontal and vertical georeferencing across all missions. Image
processing—including photogrammetric reconstruction, RGB and multispectral orthomo-
saics, vegetation indices, and DSM extraction—was performed in DJI Terra Agriculture
v5.1.1 [57] (SZ DJI Technology Co., Ltd., Shenzhen, China).

Plot-level canopy height was derived by canopy height model (CHM) differencing
between each canopy-date DSM and the DAS 0 bare-soil reference DSM in ArcGIS Pro
(version 3.5.3; Esri, Redlands, CA, USA) [58,59]. A grid-based polygon layer was overlaid
on the trial layout, with each cell corresponding to one genotype. Ground elevation per plot
was extracted from the bare-soil DSM as the cell-wise mean, providing a stable baseline less
sensitive to micro-topographic variability [58]. Canopy elevation per plot was extracted
from each canopy-date DSM as the cell-wise 95th percentile (P95), which approximates
the upper canopy boundary more reliably than the mean—which underestimates canopy
height—or the maximum—which is sensitive to reconstruction outliers, particularly at
120 m AGL [60,61]. Plant height per plot was computed as P95 canopy elevation — mean
ground elevation using the Calculate Field tool in ArcGIS Pro.

2.3. Spectral Reflectance Indices

Spectral reflectance data were extracted exclusively from 40 m AGL flights. For
each progeny row, the cell-wise mean reflectance was computed from the multispectral
orthomosaic and combined into four spectral reflectance indices (SRIs): NDVI, NDRE, LCI,
and GNDVI:

NDVI = (RNir — Rrep)/ (RNir + Rrep) 1)
NDRE = (Rnir — Rrep EpGE)/ (RNIR + RRED EDGE) 2)
LCI = (RNiR — Rrep EDGE)/ (RNIR + RRED) @3)
GNDVI = (RN — Rgreen)/ (RNir + RGreen) 4)

where R_A denotes the mean plot-level reflectance in the spectral band A.

2.4. Visual Field Evaluation for Drought Ranking

At physiological maturity, an independent visual assessment was conducted ex-
clusively in ENV2 by the breeder, who walked all 588 M, progeny rows and selected
the 48 top-performing genotypes as the most promising candidates for drought toler-
ance. These 48 genotypes were subsequently scored on two independently rated traits:
drought stress tolerance and agronomic productivity potential, each on a discrete 1-8 scale
(8 = highest). Stress tolerance scores reflected canopy condition, leaf wilting, senescence
progression, and capacity to maintain green biomass under water deficit; productivity
scores captured stem vigour, branching, capsule load, and overall plant architecture at
maturity. The maturity class of each genotype (early, medium, late) was recorded relative
to the phenological standard of the respective family control row. All evaluations were
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conducted in a single pass on the same day, with the breeder blinded to UAV composite
ranking results to ensure independence between the two selection procedures.

2.5. Statistical Analyses
2.5.1. Descriptive Statistics and Correlation

Descriptive statistics (1, mean, standard deviation, minimum, maximum, median,
interquartile range, skewness, excess kurtosis) were computed per trait, environment,
and measurement date. Pearson product-moment correlations were computed between
ground height, UAV canopy height at the three altitudes, and the four SRIs, pooled across
environments and dates.

2.5.2. UAV-Derived vs. Ground-Measured Plant Height

Agreement between UAV-derived and ground-measured plant height was assessed by
OLS linear regression (UAV height as dependent variable) performed separately for each
flight altitude and irrigation environment, pooling observations across all measurement
dates. Model fit was characterised by Pearson r, R?, and RMSE (m). Regressions were
additionally computed by measurement date to examine temporal stability.

2.5.3. Predictive Modelling with Multi-SRI Data

Ground-measured plant height was predicted from UAV canopy height and SRIs using
three algorithms: ordinary least squares (OLS), Random Forest (RF), and Gradient Boosting
(GB). Two predictor sets were compared: (i) UAV canopy height at 40 m AGL only; (ii) the
full structural-spectral set comprising canopy heights at all three altitudes jointly with
the four SRIs. Irrigation environment was retained as a categorical covariate throughout;
measurement date was handled differently under each cross-validation scheme (CVS), as
described below.

Analyses used plot-level (cell-wise) aggregates: the P95 canopy height per altitude and
the mean reflectance per band, from which the four SRIs were computed (Equations (1)—(4)).
Each genotype contributed one record per environment and date. The 40 m DSM from
the wind-affected DAS 92 flight was excluded, leaving three usable 40 m height dates;
records with any missing predictor were dropped, and the composite STI used the 498
genotypes with complete data across all five traits and both environments. The predictor
matrix comprised the three altitude canopy heights, the four 40 m SRIs, and one-hot-
encoded environment and date covariates; no further derived or engineered features
were constructed. Continuous predictors were standardised (zero mean, unit variance)
for OLS, with scaling parameters estimated on each training fold only to avoid leakage;
the tree ensembles were trained on the raw feature scale, being invariant to monotone
feature transformations.

Three CVSs of progressively different generalisation targets were applied. Under
LOGO (leave-one-genotype-out), all observations of one genotype were held out per fold;
measurement date and irrigation environment were retained as categorical covariates
since both levels are represented in training and test partitions. Under LOEO (leave-one-
environment-out), the model was fitted on one irrigation environment and applied to the
other, iterated in both directions, with measurement date retained as a covariate. Under
LODO (leave-one-date-out), all observations from one measurement date were held out
and the model trained on the remaining dates (three usable 40 m AGL dates: 11 July, 22 July,
6 August); measurement date could not be used as a training covariate since the held-out
date’s level is unobserved, enforcing strict temporal generalisation. LOGO, LOEQO, and
LODO therefore test three complementary generalisation tasks: to a new genotype at a
known date and environment, to a new irrigation environment, and to a new phenological
stage, respectively.
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RF and GB hyperparameters were selected by nested cross-validation to prevent infor-
mation leakage from the test partition. For LOGO, the outer loop was 5-fold GroupKFold
by genotype; for LOEO and LODO, the outer fold was defined by the held-out environment
or date, respectively. The inner loop was 3-fold GroupKFold on training genotypes, min-
imising RMSE. The RF grid covered max_depth € {None, 15}, min_samples_leaf € {1, 5},
and max_features € {sqrt, 0.5} with 300 estimators; the GB grid covered max_depth € {3, 5},
learning rate = 0.05, and subsample € {0.8, 1.0} with 300 estimators. The best-scoring con-
figuration in each inner loop was refit on the full outer-training partition before generating
out-of-sample predictions, and all estimators used a fixed random seed (random_state = 42)
for reproducibility.

Out-of-sample predictions were pooled across folds and summarised by five met-
rics: Pearson r, R2, RMSE, mean absolute error (MAE), and bias (mean(y; — vi);
positive = overprediction). Paired two-sided Wilcoxon signed-rank tests on absolute resid-
uals were used to compare OLS with RF and GB within each CVS [62].

2.5.4. Genotypic Repeatability of Spectral Reflectance Indices

The consistency of genotype rankings across four measurement campaigns was quanti-
fied by two-way ANOVA without replication, applied separately to each SRI and irrigation
environment, with genotype and measurement date as classification factors. The proportion
of total variance attributable to genotype (n?) was computed as the genotype sum of squares
divided by the total sum of squares. Additivity of the two-way model was verified by
Tukey’s non-additivity test prior to ANOVA; all index—environment combinations satisfied
the assumption (p > 0.05).

The intraclass correlation coefficient (ICC) was computed under the two-way mixed-
effects, consistency, single-measures model—ICC(3,1) as follows:

ICC(3,1) = (MS_G — MS_E)/(MS_G + (k — 1)-MS_E)

where MS_G is the mean square for genotype, MS_E the residual mean square from the
two-way ANOVA (i.e., the date effect partitioned out), and k = 4 measurement dates. The
average-measure ICC(3,4) was derived via the Spearman-Brown formula:

ICC(34) = k- ICC(3,1)/(1 + (k — 1)-ICC(3,1)).

Ninety-five percent confidence intervals for ICC(3,1) were obtained using the large-
sample asymptotic variance method [63]. Repeatability (R) equals ICC(3,1) and quantifies
the within-season multitemporal ranking consistency of the UAV measurement protocol.
Because the augmented design provides no within-genotype replication, the residual
mean square confounds genotype x date interaction, measurement error, and micro-
environmental variation, so R is neither broad-sense heritability nor an upper bound
thereof; it estimates the consistency with which the four-date mean orders genotypes
within a single growing season.

2.5.5. UAV-Based Composite Drought Ranking

Drought performance was quantified using the Stress Tolerance Index (ST1) of Fernan-
dez [47], computed independently for five UAV-derived traits at 40 m AGL: canopy height,
NDVI, NDRE, GNDVI, and LCI. For each genotype and trait, mean values under ENV1
(Yp) and ENV2 (Ys) were computed by averaging across all four measurement dates. The
STI was calculated as follows:

STI = (Yp x Ys)/(Yp)?
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where Yp is the population mean under ENV1. STI > 1 indicates above-average performance
under both conditions, reflecting combined yield potential and stress tolerance. Only
genotypes with complete data across all five traits and both environments were included
(n = 498). Individual trait ranks were assigned in descending STI order (rank 1 = highest); a
composite rank was computed as the arithmetic mean of the five trait ranks, integrating
canopy structural response (height-based STI) with spectral indicators of chlorophyll
content and photosynthetic activity (SRI-based STIs). Concordance between the UAV
composite ranking and the breeder’s independent selection was quantified by a one-sided
hypergeometric test for enrichment [64], analogous to gene-set enrichment analysis for
ranked-list overlap [65]. Sensitivity to the UAV top-k cut-off was examined at k € {10, 20,
30}. The five traits constitute the complete set of canopy variables resolved by the UAV at
40 m—one structural (canopy height) and the four spectral indices—and were combined
with equal weights, as no a priori or yield-based justification for differential weighting was
available at the M; stage. The robustness of the equal-weight composite was tested against
three alternative schemes (structural-emphasis, spectral-emphasis, and ICC-weighting) by
Spearman rank correlation and top 30 overlap with the published ranking (Table S5).

All analyses were conducted in Python 3.14 [66] (NumPy v2.4.4 [67], pandas
v3.0.2 [68,69], SciPy v1.17.1 [70], scikit-learn v1.9.0 [71], matplotlib v3.10.8 [72], seaborn
v0.13.2 [73]). The complete analytical workflow is summarised in Figure S2.

3. Results
3.1. Ground Height Variation and Temporal Trajectories

Ground-measured plant height increased progressively across the four phenotyping
campaigns in both environments (Figure 3). In ENV1 (normal irrigation), mean height rose
from 0.49 £ 0.15 m on 11 July to 1.28 & 0.25 m on 1 September (+161% over 52 days). In
ENV2 (water stress), the corresponding increase was from 0.44 £ 0.15m to 1.04 £ 0.24 m
(+136%), indicating that water deficit progressively constrained vegetative elongation
rather than suppressing early-season establishment—consistent with the 21.8% height
reduction under water stress reported by Yemata and Bekele [74]. The divergence between
environments was modest at the first two dates (11% and 4% difference in means on 11 July
and 22 July, respectively) but became pronounced by 1 September (ENV1 exceeding ENV2
by ~23%; 1.28 vs. 1.04 m), coinciding with the largest accumulated irrigation differential
between treatments. The coefficient of variation (CV) was consistently higher in ENV2
than in ENV1 across all dates (23.1-34.1% vs. 19.5-30.6%), suggesting that water stress
amplified genotypic differentiation in height—a pattern favourable for drought tolerance
screening. CV declined over the season in both environments, consistent with convergence
as slower-developing genotypes approached their asymptotic height. Height distributions
remained approximately unimodal and symmetric at all dates, with a slight rightward
skew emerging by 1 September in ENV1, indicative of a subset of high-vigour genotypes
exceeding the population mean under unrestricted water supply (Figure 3).

3.2. UAV-Based Estimation of Plant Height

Scatter plots of UAV-estimated canopy height versus ground-measured plant height
are presented in Figure 4 for all three flight altitudes and both environments, with regression
statistics summarised in Table S1. UAV-derived height was positively and significantly
correlated with ground measurements across all altitude—environment combinations, but
agreement varied markedly with altitude and was consistently stronger under normal
irrigation (ENV1) than under water stress (ENV2).
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Figure 3. Distribution of ground-measured plant height (m) across four dates and two irrigation
environments. Kernel density estimates (KDEs; Silverman bandwidth) for ENV1 (full irrigation, blue)
and ENV2 (water stress, orange); vertical line, per-date median; shaded band, interquartile range;
rug marks, individual observations. Annotations: L = mean; o = SD; CV = coefficient of variation;
n = observations. The rightmost strip in each row shows the pooled KDE across all four dates.

At 40 m AGL, the strongest agreement was observed. In ENV1, r = 0.901 (R? = 0.812,
RMSE = 0.112 m, n = 1620); in ENV2, r = 0.814 (R? = 0.663, RMSE = 0.148 m, n = 1544).
Point clouds at this altitude were tight and near-linear along the 1:1 reference in both
environments, with limited systematic bias.

At 80 m AGL, agreement was moderate. In ENV1, r = 0.702 (R? = 0.493, RMSE = 0.140 m);
in ENV2, r = 0.457 (R? = 0.209, RMSE = 0.107 m). The pronounced R? drop under water
stress likely reflects reduced canopy structural differentiation among genotypes combined
with increased point-cloud sensitivity to sparse drought-stressed canopies.

At 120 m AGL, the weakest agreement was recorded. In ENV1, r = 0.677 (R? = 0.459,
RMSE = 0.308 m, 1 = 2161); in ENV2, r = 0.618 (R? = 0.382, RMSE = 0.283 m, n = 2028).
The elevated RMSE relative to lower altitudes is consistent with reduced point-cloud
spatial resolution at greater flight heights, introducing reconstruction uncertainty that is
particularly acute for short-statured sesame plants; broader dispersion and pronounced
underestimation of tall plants were evident in the scatter plots.

Across all altitudes, predictive performance declined under water stress, consistent
with drought-induced compression of the height distribution and reduced dynamic range
available for regression. The 40 m altitude provided the best representation of ground-
measured plant height across both environments and is adopted as the operational standard
for subsequent analyses.

3.3. Temporal Dynamics and Genotypic Variation in UAV-Derived Spectral Reflectance Indices

Temporal trajectories of NDVI, NDRE, GNDVI, and LCI are presented in Figure S1,
with descriptive statistics in Table S2 and the corresponding spatial index maps in Figure 5.
All four indices exhibited a unimodal seasonal pattern under ENV1, increasing from early
July to a peak on 6 August and declining thereafter, consistent with the progression from
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vegetative growth to maturity in sesame. Under ENV2, trajectories diverged markedly
from ENV1 at the final campaign (1 September), with all indices showing a sharp decline
indicative of accelerated drought-induced senescence.
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Figure 4. UAV-derived canopy height (y) vs. ground-measured plant height (x) at three flight altitudes
(120, 80, 40 m AGL), faceted by environment (ENV1: full irrigation, left; ENV2: water stress, right).
Points coloured by measurement date (11 July, red; 22 July, orange; 6 August, green; 1 September,
blue). Solid line, OLS fit pooled across dates; dashed line, 1:1 reference. Pearson r, two-tailed p-value,
and n annotated per panel.

NDVI was the highest-magnitude index throughout the season, peaking at 0.744 £ 0.063
in ENV1 and 0.626 & 0.107 in ENV2 on 6 August. The environment divergence was greatest
by 1 September (ENV1: 0.606 £ 0.078; ENV2: 0.387 £ 0.084; A ~ 0.22). GNDVI followed
the same pattern (peak: ENV1 0.561 + 0.042, ENV2 0.511 £ 0.069; 1 September: ENV1
0.482 4 0.053, ENV2 0.356 + 0.047), confirming that the green-band formulation captured
the same stress response as the standard red-band index. NDRE and LCI, sensitive to
red-edge chlorophyll content, showed lower absolute values but the same unimodal trend.
NDRE peaked at 0.151 £+ 0.022 (ENV1) and 0.138 + 0.032 (ENV2) on 6 August, declining
steeply under stress by 1 September (ENV2: 0.051 £ 0.021 vs. ENV1: 0.118 + 0.027). LCI
followed an analogous trajectory, peaking at 0.230 & 0.034 (ENV1) and 0.201 £ 0.049 (ENV2),
before falling to 0.171 & 0.042 and 0.070 £ 0.031, respectively, on 1 September. The larger
standard deviations in ENV2 across all indices reflect greater inter-genotypic variability in
stress response, which is favourable for drought-tolerant genotype identification.

Notably, ENV2 showed comparable or slightly higher index values than ENV1 on 22
July across all four indices, indicating that early vegetative growth was not substantially
impaired at that stage and that the stress effect became apparent only from 6 August
onward—consistent with progressive water depletion during flowering and capsule filling,
which in sesame occur between mid-July and late August under central Greek conditions.

https:/ /doi.org/10.3390/rs18132181


https://doi.org/10.3390/rs18132181

Remote Sens. 2026, 18, 2181

12 of 27

11 jul

22 Jul

Env.2

Env.1

Env.2

| Env.1

Env.2

Env.1

Env.2

Env.1l

Figure 5. Spatial distribution of vegetation indices derived from UAV multispectral imagery acquired
at 40 m AGL across four dates and two irrigation environments. Columns correspond to spectral
reflectance indices (NDVI, GNDVI, NDRE, LCI); rows correspond to acquisition dates (11 July, 22 July,
6 August, 1 September). Within each subplot, the upper block shows ENV2 (water stress) and the
lower block shows ENV1 (full irrigation). Subplot labels: (a-d) 11 July; (e-h) 22 July; (i-1) 6 August;
(m—p) 1 September; within each date group, subplots progress left to right as NDVI, GNDVI, NDRE,
and LCI. Colour scale bars (green—red, index-specific range) are shown at the top of each column.

Highly significant genotypic variation (p < 0.001) was detected for all four indices in
both environments (Table 1), confirming substantial inter-genotypic diversity in canopy
spectral response throughout the season. NDVI showed the highest single-measure ICC
in both environments: ICC(3,1) = 0.485 (95% CI: 0.441-0.528) in ENV1 and 0.710 (95% CI:
0.679-0.742) in ENV2, corresponding to ICC(3,4) of 0.790 and 0.907, respectively. GNDVI
followed a similar pattern (ICC(3,1) = 0.401 in ENV1, 0.672 in ENV2); NDRE and LCI
showed moderate but significant consistency (ICC(3,1) = 0.300-0.333 in ENV1; 0.573-0.592
in ENV2). Across all four indices, ICC(3,1) was up to ~2-fold higher in ENV2 than in ENV1,
indicating that drought amplified the expression of genotypic differences in canopy spectral
properties and improved the discriminatory power of UAV-derived indices. Average-
measure ICC(3,4) exceeded 0.84 for all indices in ENV2, confirming that the season mean of
repeated UAV observations provides a highly reliable estimate of genotypic performance
under water-limited conditions.
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Table 1. Two-way ANOVA without replication. 1, proportion of total variance attributable to
genotype; ICC(3,1), single-measure intraclass correlation (consistency model); ICC(3,4), average-
measure ICC across the four dates (Spearman-Brown); 95% CI via asymptotic. Repeatability (R) is the
proportion of phenotypic variance attributable to genotypic differences, interpreted here as the within-
season multitemporal ranking consistency of the UAV protocol; in the absence of within-genotype
replication, it is neither broad-sense heritability nor an upper bound thereof. Sig.: *** p < 0.001. ENV1,
full irrigation; ENV2, water stress.

o o
Index Environment n F p-Value 7 ICC(3,1) 19C5C/:3?11) ICC(3,4) Repe(alf;blhty Sig.
NDVI ENV1 548 476 <0.001 0.429 0.485 [0.441-0.528] 0.79 0.485 i
NDVI ENV2 530 10.81 <0.001 0.442 0.71 [0.679-0.742] 0.907 0.71 o
NDRE ENV1 547  2.72 <0.001 0.285 0.3 [0.255-0.346] 0.632 0.3 ok
NDRE ENV2 529  6.38 <0.001 0.279 0.573 [0.533-0.614] 0.843 0.573 o

GNDVI ENV1 547  3.68 <0.001 0.376 0.401 [0.356-0.446] 0.728 0.401 b

GNDVI ENV2 529 92 <0.001 0.402 0.672 [0.638-0.707] 0.891 0.672 o

LCI ENV1 547 299 <0.001 0.301 0.333 [0.287-0.378] 0.666 0.333 i
LCI ENV2 529 638 <0.001 0.29 0.592 [0.553-0.631] 0.853 0.592 i

3.4. Predictive Modelling of Plant Height

Predictive performance was evaluated under LOGO, LOEO, and LODO cross-
validation, targeting generalisation to a new genotype (at a known date and environment),
a new irrigation environment, and a new phenological stage, respectively. Full metrics for
OLS, RE and GB under both predictor sets and all three schemes are reported in Table S3;
Figure 6 shows predicted-vs-observed scatter plots for the full structural-spectral predictor
set under LOGO and LODO for all three algorithms.

Under LOGO, the 40 m only OLS model achieved R? = 0.827, RMSE = 0.121 m
(n = 3158), with negligible bias. Adding the two higher-altitude heights and four SRIs
marginally improved OLS to R? = 0.833, RMSE = 0.119 m. RF and GB produced a small but
statistically significant improvement over OLS for the full predictor set (R? = 0.840 for both;
RMSE = 0.116 m; Wilcoxon p = 0.007 and 0.001, respectively).

Under LOEO, OLS outperformed both ensembles: pooled OLS R2 = 0.779 (40 m
only) and 0.751 (full set), versus RF R? = 0.741 and 0.711, and GB R? = 0.744 and 0.722
(all ensemble-OLS gaps: p < 10~°). The directional asymmetry persisted (ENV2—ENV1:
R? =0.812 vs. ENV1—ENV2: R? = 0.743 for 40 m only OLS), though with only two CV
folds available under LOEO, this directionality is descriptive of the present trial rather than
a generalisable property of the calibration scheme.

Under LODO—training on two dates and predicting the third, with the held-out
date’s phenological stage unrepresented during training—accuracy dropped substantially
relative to LOGO (Figure 6). For the 40 m only predictor set, pooled LODO R? was
0.557 (OLS), 0.496 (RF), and 0.512 (GB), representing a drop of 0.27-0.32 R? units from
LOGO and an RMSE increase from ~0.12 m to ~0.20 m. For the full structural-spectral set,
LODO revealed a qualitative divergence between algorithms: OLS collapsed (R? = —0.203;
RMSE = 0.319 m), while RF and GB remained stable (R? = 0.527 and 0.486; RMSE ~ 0.20 m;
Wilcoxon p < 10719 vs. OLS). The OLS collapse was concentrated on the date-3 fold (6
August, seasonal peak): trained on the two vegetative-phase dates (11 and 22 July), OLS
extrapolated beyond the SRI training range (per-fold R? = —3.408). The 40 m only structural
model is robust to this failure mode across all three algorithms; the full model is robust
only when a non-linear algorithm constrains predictions to the training-set support.

The LODO-LOGO gap clarifies the headline LOGO figure. Because LOGO retains
measurement date as a training covariate, the model borrows population-level seasonal
trajectory information from ~1000 training observations per date, placing held-out genotype
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predictions within the correct seasonal band before the UAV predictors are consulted.
LODO severs this channel, measuring the harder, deployment-relevant task of predicting
at a new phenological stage. The resulting gap—~0.27 R? units for the 40 m only OLS—
quantifies the date-leakage component of LOGO performance, consistent with the general
finding that within-level CV schemes overstate generalisation in spatio-temporal prediction
problems [66,67]. LOGO R? = 0.827 should be treated as an upper bound on genotype-level
generalisation within a season; LODO R? = 0.557 is the operationally relevant figure for
deployment to a new phenological stage, and the 40 m only structural model is the safer
operational choice.

LOGO (date-leakage) vs LODO (leakage-free): all three algorithms, full predictor set
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Figure 6. Predicted vs. observed ground plant height (m) for OLS (a1,b1), Random Forest (a2,b2),
and Gradient Boosting (a3,b3), fitted to the full structural-spectral predictor set. Top row (a), LOGO
(leave-one-genotype-out); bottom row (b), LODO (leave-one-date-out) pooled across three hold-out
dates. Dashed line, 1:1 reference. Point colours identify the algorithm: blue, OLS; green, Random
Forest; red, Gradient Boosting.

3.5. Composite Stress Tolerance Indexing
3.5.1. UAV-Based Composite Drought Ranking

The composite STI ranking integrating canopy height and four SRIs (NDVI, NDRE,
GNDVI, LCI) at 40 m AGL identified a subset of genotypes with consistently high perfor-
mance across both structural and spectral dimensions (Figure 7). Of 498 genotypes with
complete data, 38 (7.6%) exhibited STI > 1.0 simultaneously for all five traits, indicating
above-average canopy development and photosynthetic capacity under both irrigation
regimes. Among the top 30, all five STI values exceeded 1.0 with one exception (genotype
24-6, rank 27; height STI = 0.74); the mean height-based STI within this group was 1.61.

The top-ranked genotype (13-1) achieved the highest NDVI-based STI (1.28) and
GNDVlI-based STI (1.29) in the dataset while maintaining a height STI of 1.67, reflecting
balanced canopy performance across structural and spectral traits under drought. Geno-
types 21-20 (rank 3), 14-5 (rank 2), and 15-9 (rank 11) showed the highest height-based STI
values within the top 30 (2.11, 1.95, and 2.05, respectively), indicating pronounced canopy
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height stability under water stress. By contrast, genotype 7-2 (rank 28) recorded the highest
height-based STI in the entire dataset (2.42) but ranked poorly across all spectral indices
(NDVI rank 63, NDRE rank 51, GNDVI rank 82), demonstrating that structural resilience
alone is insufficient to characterise overall drought tolerance when spectral indicators are
considered jointly.

(a) STI per trait - top 30 composite-ranked genotypes (b) Composite score

13-1
@ 14-5 §
21-20
21-22
®2-19
318
@524
®11-11
17-12
11-17
@159
14-6
12-17
6-12
®1-10
21-14
5-20
7-1
8-24
14-C
®3-16
®11-9
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415
13-23
24-6
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®5-17
21-C

Trait
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— mwm NDRE
= s GNDVI ) N Confirmed by breeder (n=10)
| L__te] UAV ranking only (n=20)

Figure 7. Composite drought ranking of the top 30 sesame M, genotypes (of 498 evaluated) from five
UAV-derived traits at 40 m AGL across the two irrigation environments. (a) Stress Tolerance Index
(STI) per trait—canopy height, NDVI, NDRE, GNDVI, LCI; dashed line, STI = 1.0 (population-mean
performance). (b) Composite rank score (mean of the five trait ranks; lower = better). Gold circles
and bold labels, and darker bars in (b), mark the 10 genotypes also present in the breeder’s top 48.

A clear differentiation was evident between genotypes expressing drought tolerance
primarily through structural vs. spectral dimensions. Genotypes 5-24 (rank 7), 21-22
(rank 4), and 11-9 (rank 22) showed moderate height STI values (1.21, 1.54, and 0.99,
respectively) but ranked consistently high across all four SRIs, indicating stress tolerance
expressed through maintenance of chlorophyll content and photosynthetic activity rather
than biomass accumulation. These contrasting profiles illustrate the added value of the
multi-trait composite, which captures a broader spectrum of drought adaptation strategies
than any single-trait ranking.

3.5.2. Visual Field-Based Stress Ranking

Visual field evaluation of the 48 breeder-selected genotypes under ENV2 spanned
three score levels on the 1-8 scale (Figure 8): 21 genotypes (43.8%) received stress tolerance
grade 8, 22 (45.8%) received grade 7, and five (10.4%) received grade 6, indicating that the
pre-selection process had already enriched the subset for stress-tolerant individuals.

Within the grade 8 group, eight genotypes received maximum productivity grade 8
simultaneously (1-10, 1-11, 1-14, 1-17, 1-9, 3-19, 9-15 and 9-18), six of which belonged to the
medium-maturity class, suggesting that medium-maturity genotypes combine high stress
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Stress tolerance grade (1 = lowest, 8 = highest)

tolerance with agronomic productivity more consistently than late-maturing material. The
remaining grade 8 genotypes showed productivity grades of 4-7; genotypes 2-4, 14-5, 15-16
and 15-18 combined grade 8 stress tolerance with the lowest productivity score (grade 4),
confirming that stress tolerance and productivity are not always co-expressed and that
selection on stress tolerance alone may overlook agronomically valuable genotypes.

Field evaluation of 48 sesame M, genotypes — breeder visual scores in ENV2 at physiological maturity

[e)
L

~
L

o
L

n = 48 genotypes

Stress tolerance 8: 21 | 7:22 | 6:5

ST = 8 & Prod = 8: 8 genotypes

UAV top-30 overlap: 10/30 (4.1-fold over chance; p = 4.5 x 107°)
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Figure 8. Field evaluation of 48 sesame M, genotypes selected by the breeder as candidates for
drought tolerance at physiological maturity under ENV2 (water stress). Each marker represents one
genotype, positioned by its productivity grade (x-axis) and stress-tolerance grade (y-axis); both traits
were scored independently on a 1-8 scale (8 = highest). Background shading by stress-tolerance
grade (green = 8, yellow = 7, pink = 6). Marker shape encodes maturity class relative to the stan-
dard reference (triangle = early, circle = medium, square = late). Gold-edged markers indicate
the 10 genotypes also recovered in the UAV composite top 30 (4.1-fold enrichment over chance;
hypergeometric p =4.5 x 107°). Labelled genotypes are those scoring 8 for both traits plus all
UAV-confirmed genotypes.

Among the 22 grade 7 genotypes, three (19-4, 9-24, 9-25) achieved productivity grade
8, representing an intermediate stress-tolerance profile with high yield potential. The five
grade 6 genotypes (13-18, 4-19, 8-3, 4-13, and 7-2) were predominantly of early or late
maturity class, which may partly explain their reduced stress tolerance relative to the
medium-maturity group. Jointly considering stress tolerance grade, productivity potential,
and maturity cycle is therefore important when selecting M, genotypes for advancement
to M3.

3.5.3. Concordance Between UAV and Breeder Rankings

Of the 30 top-ranked genotypes in the UAV composite STI, 10 were independently con-
firmed within the breeder’s 48-best selection from visual inspection of all 588 M, rows in
ENV2 at physiological maturity. The two procedures are procedurally independent—
sensor-based multitemporal phenotyping versus a single end-of-season expert walk-
through—but observationally overlapping: the breeder evaluation was conducted in ENV2
at physiological maturity (1 September), the same canopy state captured by the final UAV
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campaign of that day, so the two assessments share the late-season canopy signal. The
hypergeometric null remains valid under exchangeability of the 588 rows, but some diver-
gence is expected on traits not captured by either method alone. Under a random draw
null, the expected overlap is 2.45 genotypes (hypergeometric E[X], SD = 1.46); the observed
10 represents a 4.1-fold enrichment over chance (one-sided p = 4.5 x 10~; Fisher odds ratio
6.84), stable across UAV top-k cut-offs of 10, 20, and 30 (3.7 x—4.9x; all p < 0.006; Figure 9).
Of the 10 confirmed genotypes, five received breeder stress-tolerance grade 8 (14-5, 11-11,
15-9, 1-10, 5-17), four received grade 7, and one—genotype 7-2, the highest height STI entry
of the entire dataset—received grade 6, giving 90% at grade > 7. Confirmation rates by
UAV tier were 40% (ranks 1-10), 20% (ranks 11-20), and 40% (ranks 21-30). The 20 UAV top
30 genotypes not selected by the breeder were inspected and passed over, reflecting traits
the UAV sensors do not capture—capsule load, branching architecture, stem strength—and
the non-overlap is therefore informative rather than a failure of either method.

Sensitivity of UAV-breeder concordance to ranking cut-off
(population N=588; breeder set K=48)
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Figure 9. Concordance between the UAV composite Stress Tolerance Index ranking and the breeder’s
independent visual selection across UAV top-k cut-offs. Blue points, observed overlap between the
UAV top-k and the breeder’s 48-best genotypes (selected from all 588 M, rows); black dashed line,
expected overlap under the null hypothesis of a random draw of k from the population (hypergeo-
metric mean); grey band, 95% null interval. Annotations give the observed overlap, fold enrichment
over null expectation, and one-sided hypergeometric p-value at each cut-off.

4. Discussion
4.1. Altitude-Dependent Accuracy of UAV Canopy Height Estimation

The strong agreement between UAV-derived canopy height at 40 m AGL and ground-
measured plant height (R% = 0.812 in ENV1; 0.663 in ENV2) is consistent with the expec-
tation that spatial resolution in structure-from-motion photogrammetry improves with
decreasing flight altitude: the 40 m ground sampling distance resolves individual sesame
plant apices within plot-level CHMs, whereas at 80 and 120 m, the increased footprint per
pixel introduces sub-canopy mixing that attenuates height estimates. Although 80 m RMSE
in ENV2 is nominally lower, the markedly reduced R? (0.209) indicates that the model
captures substantially less genotypic variance.

The pronounced R? drop between 40 m and 80 m in ENV2 (0.663 — 0.209) combines
two effects: reduced canopy cover under drought decreases point-cloud density in sparse

https://doi.org/10.3390/rs18132181


https://doi.org/10.3390/rs18132181

Remote Sens. 2026, 18, 2181

18 of 27

canopies, and compression of the height range under water stress reduces the dynamic
range available for regression. The magnitude is approximated by the canopy greenness
proxy: mean NDVI in ENV2 was 15.9% lower than ENV1 on 6 August (0.626 vs. 0.744) and
36.1% lower on 1 September (0.387 vs. 0.606; Table S2), indicating substantially less green
canopy cover precisely when the altitude gradient is steepest. Because reconstructable
point density scales approximately with the inverse square of ground sampling distance
(GSD 2.1, 4.2, 6.4 cm at 40, 80, 120 m, i.e., ~1.00, 0.25, 0.11 of the 40 m density), already-
sparse high-altitude point clouds lose canopy returns disproportionately over lower-cover
stressed canopies, compounding the loss of explained variance at 80 and 120 m in ENV2.
Similar altitude-dependent gradients have been reported for sorghum, wheat, and other
crops [75,76], but the steepness observed here under stress underscores the importance of
low-altitude protocols in populations with reduced canopy vigour. The RMSE of 0.112 m at
40 m in ENV1 falls within the range reported for cereals [25,27], validating this altitude as
the operational standard for sesame phenotyping in this programme.

The systematic underestimation of tall plants at 120 m is a known artefact of reduced
point-cloud density in SfM reconstruction [29]: with fewer image points reconstructing
the uppermost canopy layer, the DSM truncates the tallest individuals. This is amplified
in sesame because its indeterminate growth habit [54] produces a pointed canopy apex
more susceptible to reconstruction error than the broad, flat tops of cereal canopies. The
consistency across both environments and all four dates confirms this as a structural
limitation of high-altitude flights rather than a site-specific artefact.

4.2. Temporal Dynamics of Spectral Reflectance Indices and Stress Response

The unimodal seasonal trajectory of all four SRIs in ENV1—peaking on 6 August and
declining thereafter—is consistent with the phenological progression of sesame from vege-
tative growth through flowering and capsule filling to maturity-associated senescence. The
temporal pattern of NDVI agrees with previous UAV-based monitoring of sesame under
irrigation [9,31] and with ground-level spectroradiometer measurements in semi-arid envi-
ronments. The convergence of ENV1 and ENV2 values on 22 July—with ENV2 marginally
exceeding ENV1 across all four indices—indicates that the irrigation differential imposed
from 7 July had not yet produced detectable canopy spectral divergence at this early stage.
This temporal lag is agronomically interpretable: sesame has moderate root-system capacity
for soil-water extraction [77], and the canopy spectral signal reflects primarily leaf-level
photosynthetic status, which is buffered by short-term stomatal regulation. Divergence
became pronounced from 6 August onward, coinciding with the onset of capsule filling and
the largest accumulated irrigation differential (~135 mm by season end). This progression
provides a physiological rationale for campaign timing: a single campaign before 22 July
would have insufficient discriminatory power for stress screening, whereas campaigns
from 6 August onward capture the maximal environment x genotype interaction [78].

Among the four indices, NDRE and LCI exhibited the steepest absolute decline under
stress at the final date (NDRE ENV2: 0.051 vs. ENV1: 0.118; LCI ENV2: 0.070 vs. ENV1:
0.171). This is consistent with the physiological basis of red-edge indices [38,39]: chlorophyll
degradation during drought-accelerated senescence causes a blue-shift in the red-edge
reflectance feature, reducing both NIR and red-edge reflectance and disproportionately
affecting NDRE and LCl relative to NDVI, which is less sensitive to chlorophyll degradation
in the moderate-to-high concentration range. The greater sensitivity of NDRE and LCI
to stress-induced canopy deterioration supports their inclusion in the multi-SRI height
regression and the composite STI alongside NDVI and GNDVL
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4.3. Repeatability and Genotypic Discrimination Under Contrasting Water Regimes

The consistently higher ICC values under water stress—up to ~2-fold higher ICC(3,1)
across all four SRIs—constitute one of the most operationally significant findings of this
study. Under full irrigation, canopy closure in densely sown progeny rows tends to equalise
apparent spectral response across genotypes, compressing inter-genotypic variance and
attenuating the genotypic signal available for ranking. Under drought, differential stomatal
regulation, leaf rolling, and accelerated senescence in sensitive genotypes amplify spectral
differences, increasing the signal-to-noise ratio for genotype discrimination. The average-
measure ICC(3,4) exceeding 0.84 for all indices in ENV2—indicating that the mean of four
UAV observations produces highly reliable rankings—directly supports the operational
validity of multitemporal UAV campaigns for early-generation drought tolerance screening.
The same direction of effect has been reported across cereals including wheat, sorghum,
and barley [39,41], indicating a general stress-amplified signal-to-noise mechanism rather
than a sesame-specific artefact.

The moderate ICC values for NDRE and LCI in ENV1 (0.300 and 0.333) are consis-
tent with the known variability of red-edge indices in dense, closed canopies where the
signal saturates [36,38] and is subject to wind-induced canopy motion and mixed-pixel
effects. Their improvement under ENV2 (0.573 and 0.592) supports the interpretation that
partial defoliation and reduced canopy density improve signal fidelity. The single-season
repeatability reported here quantifies within-season multitemporal ranking consistency
and should not be interpreted as broad-sense heritability [22,23], (Section 4.7).

4.4. Predictive Modelling: Cross-Validation Performance and SRI Contribution

Under LOGO—the least stringent scheme—the full structural-spectral predictor set
produced only a marginal improvement over canopy height at 40 m AGL alone (OLS
R%: 0.828 — 0.833). RF and GB produced a further small but statistically significant
gain over OLS (R2 = 0.840; Wilcoxon p < 0.01 on absolute residuals); however, the effect
size—a ~3 mm reduction in median residual at a mean canopy height of ~0.74 m—is
agronomically negligible. Under LOEO, both ensembles underperformed OLS (full-set
R? = 0.711 for RF and 0.722 for GB vs. 0.751 for OLS; p < 10~), reflecting the well-known
tendency of tree ensembles to extrapolate poorly outside training-set support when a
fixed-effect covariate is held out [46,79]. For within-season ranking the three algorithms
are interchangeable; for cross-environment transfer, OLS is preferable.

LODO changes the picture substantively. With measurement date held out, R? of
all three algorithms on the 40 m only predictor set drops to 0.50-0.56 (a 0.27-0.32 R?-unit
drop relative to LOGO): the quantitative signature of date-leakage inflation in LOGO,
which retains date in the design matrix and estimates its effect from ~1000 observations
per date before the UAV predictors are consulted [80]. LODO severs this channel; honest
generalisation to a new phenological stage is ~0.55—operationally useful but 30 percentage
points below the LOGO-optimistic figure.

The full structural-spectral set introduces a failure mode specific to OLS: linear ex-
trapolation beyond the SRI training range collapses to negative R? (pooled —0.203; date-3
hold-out —3.408). RF and GB do not exhibit this collapse, because recursive tree splitting
bounds predictions to training-set support [81] and saturates at the observed maximum
rather than extrapolating along a fitted slope. The collapse on 6 August occurred because
NDRE (0.229 vs. training maximum 0.213) and LCI (0.339 vs. 0.313) exceeded their July
training range while the date-3 categorical level was unrepresented. Such failures can be
flagged in advance by an applicability-domain check on the predictor vector, and avoided
by using tree ensembles or by constraining linear predictions to training support. The
40 m only structural model, in which plant height scales monotonically with growth stage
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and training dates bound the hold-out distribution, remains comparable across all three
algorithms under LODO and is therefore the robust default for across-stage deployment.

LOGO with date as a fixed-effect covariate should therefore be reported as an upper
bound on generalisation, with LODO as the headline figure when the deployment target is
a new phenological stage; for across-stage use, the 40 m only structural model is preferable
regardless of estimator, and if the full set is required, a non-linear estimator should protect
against linear extrapolation failure.

Permutation importance of the RF model under LOGO ranked UAV canopy height
at 40 m AGL far above all other predictors (mean importance 0.130 &£ 0.008), followed by
120 m height (0.030), date and environment dummies (0.007-0.009), 80 m height (0.007), and
the four SRIs with NDRE highest (NDRE 0.004 > NDVI10.002 > LCI 0.001 > GNDVI = 0.000).
The ordering is physiologically consistent with the greater sensitivity of the red-edge band
to drought-induced chlorophyll degradation (Section 4.2); critically, the date and environ-
ment dummies—not the SRIs—carry the bulk of auxiliary variance under LOGO, which is
precisely why LODO produces such a sharp drop when those dummies are inestimable.
As the four SRIs together accounted for under 0.01 of total permutation importance, and
their inclusion did not improve—and under LODO degraded—generalisation, a reduced-
burden structural-only protocol (a single 40 m flight without multispectral acquisition or
calibration) is justified for across-stage deployment with no loss of predictive accuracy.

4.5. Composite Multi-Trait STI and Drought Adaptation Strategies

The composite STI integrating season mean canopy height and four SRIs at 40 m
AGL identified 38 M, genotypes (7.6% of 498) with above-average performance across
all five traits under both regimes—consistent with the expected frequency of favourable
mutation combinations in a y-irradiation M; population pre-selected for agronomic vigour.
The composite captures two biologically distinct drought adaptation modes that single-
trait ranking would conflate: genotype 7-2—highest height STI (2.42) but low spectral
indices—exhibits structural resilience via osmotic adjustment or stem-level water storage
without maintaining photosynthetic activity; conversely, 5-24 and 21-22—consistently high
spectral STIs but moderate height STI—maintain photosynthetic capacity at the cost of
reduced elongation, consistent with isohydric regulation. The composite therefore identifies
genotypes balancing structural and metabolic resilience, the combination most likely to
translate into yield stability. The composite ranking is robust to trait weighting: across
equal-weight, structural-emphasis, spectral-emphasis, and ICC-weighted schemes, the
genotype ordering was almost unchanged (Spearman p = 0.98-1.00, with 25-30 of the top
30 retained), degrading only when reduced to canopy height alone (p = 0.75; Table S5).

The STI framework of Fernandez [47], originally developed for yield under contrasting
water regimes, extends naturally to UAV-derived canopy traits given plot-level measure-
ments across environments and dates; using season mean values mitigates single-date
noise, and a weighted composite emphasising the 6 August and 1 September dates—when
environment x genotype interactions peak (Section 3.3)—may refine the ranking in future
applications. Although the cumulative ENV2 deficit of 135 mm corresponds arithmetically
to a ~40% reduction relative to ENV1, the imposed regime was severe rather than moderate:
irrigation was withheld completely from DAS 46 (7 July, reproductive onset) through the
remainder of the season—~85 days of zero water input under peak central-Mediterranean
summer conditions, with only one rainfall event above 10 mm (19.6 mm on 31 July) during
the stress phase. Sesame is acutely sensitive to water deficit at capsule filling [54,82], so
the STI rankings reported here characterise genotypes under a genuinely severe terminal
drought relevant to rain-fed and deficit-irrigated Mediterranean production.
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4.6. Validation Against Independent Breeder Assessment

The recovery of 10 UAV top 30 genotypes within the breeder’s 48-best selection is
statistically robust (4.1-fold over null; hypergeometric p = 4.5 x 10~>; Figure 9) despite the
two procedures measuring partly different phenotypic dimensions—the UAV composite
integrates structural and spectral traits across four dates and two environments, while
the breeder additionally weighs capsule load, branching, and stem architecture [83]. The
observed enrichment indicates meaningful but not complete information sharing between
sensor-based and expert-based selection.

Confirmed genotypes clustered at the extremes of the UAV top 30 (40% in ranks 1-10
and 40% in ranks 21-30 vs. 20% in the intermediate tier), suggesting high specificity at
the top but moderate sensitivity in the middle band, where unbalanced trait profiles can
score highly on one or two dimensions without consistent multi-trait performance. The
high confirmation rate in ranks 1-10 is operationally encouraging: the UAV composite
effectively pre-screens the upper tail of the distribution, the subset of immediate interest
for M3 advancement.

The 20 UAV top 30 genotypes not in the breeder’s selection were seen and deliberately
passed over. Phenotypically, these false positives were typically vigorous, tall, late-maturing
plants with dense green canopies—high canopy height and red-edge STI—that the breeder
down-weighted for low capsule load, excessive vegetative branching, lodging-prone stems,
or late maturity exposing capsule filling to terminal drought. None of these reproductive
and architectural traits is resolved by the four UAV-derived metrics; the UAV composite
should therefore narrow the candidate pool for expert evaluation rather than replace
it, and M3 yield data will clarify which approach—or their combination—Dbest predicts
drought performance.

4.7. Limitations and Future Directions

The results derive from a single season (2025), and multi-year evaluation is required
before top-ranked genotypes are advanced [22,84]. The M, generation is, however, a unique
non-recurring opportunity: it is the first non-chimeric generation in which induced reces-
sive mutations segregate at detectable frequency [17,85] across the full 588-row population,
and stringent selection in subsequent generations narrows this diversity. The rankings are
therefore interpreted as a calibration baseline rather than definitive recommendations, to be
confirmed by replicated, multi-location M3 yield trials in 2026 and My multi-environment
evaluation thereafter.

The unreplicated within-environment design precludes broad-sense heritability esti-
mation, as the residual term confounds genotype X date interaction, measurement error,
and unblocked micro-environmental variation. The ICC-based repeatability is therefore
an operational measure of within-season multitemporal ranking consistency rather than a
heritability ceiling across years.

The LODO analysis was restricted to the three dates with 40 m AGL imagery, with
one fold requiring extrapolation to the seasonal peak. A fully informative test of temporal
generalisation requires additional within-season campaigns or multi-year data spanning
ascending, peak, and senescence phases—both planned for subsequent generations; in-
cluding growing-degree-day accumulation as a continuous covariate may further improve
cross-stage transferability.

The four-band multispectral payload could be extended with shortwave-infrared
or thermal-infrared sensors, which capture canopy temperature and transpiration more
directly than chlorophyll-based indices [30,86]. The absence of yield data is a further
limitation: M3 progeny-trial yield components will provide the most agronomically relevant
validation of the composite STI, and integration with genomic marker data will identify
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mutant loci underlying the superior drought tolerance profiles [87-89]. The composite
STI also collapses heat tolerance, terminal drought escape via early maturity, and capsule
shattering resistance onto one canopy-derived axis; resolving these dimensions will require
thermal/SWIR sensing and phenological covariates rather than a univariate index.

5. Conclusions

This study establishes multi-altitude, multi-SRI UAV remote sensing as a robust
framework for high-throughput phenotyping of an M, sesame mutagenesis population
under contrasting irrigation regimes. The principal conclusions are as follows.

UAV canopy height at 40 m AGL was the most accurate proxy for ground-measured
plant height across both environments and all four campaigns (R? = 0.812 in ENV1; 0.663
in ENV2). Higher altitudes (80 and 120 m) produced substantially degraded accuracy,
particularly under water stress, and are not recommended as primary phenotyping altitudes
for sesame.

Joint inclusion of four SRIs and two additional altitudes produced only a marginal
LOGO improvement over 40 m alone (OLS R?: 0.828 — 0.833; RF and GB: 0.840). Under
LODO, all three algorithms fell to R? = 0.50-0.56 on the 40 m only set—a 0.27-0.32 RZ2-unit
drop that establishes the across-stage generalisation baseline. On the full structural-spectral
set, OLS collapsed under LODO (R? = —0.203) due to linear extrapolation beyond the SRI
training range, while RF and GB remained stable (R2 ~ 0.49-0.53). Under LOEQ, the stress-
trained model transferred slightly better than the irrigation-trained model in the 2025 trial
(ENV2—ENV1 R? = 0.812 vs. 0.743), though with only two folds, this is descriptive rather
than directional. LOGO R? = 0.83 should therefore be reported as an upper bound for
within-season ranking; LODO R? ~ 0.55 is the operationally relevant figure for across-stage
deployment, and the 40 m only structural model is the safer choice for that task.

Genotypic repeatability of all four SRIs was higher under water stress than under
full irrigation (ICC(3,1) up to ~2-fold greater; ICC(3,4) > 0.84 for all indices), support-
ing multitemporal UAV spectral indices as reliable selection criteria for early-generation
drought screening.

The five-trait composite STI identified 38 M, genotypes (7.6% of 498) with above-
average performance under both regimes. Of the UAV top 30, 10 were independently
confirmed within the breeder’s 48-best selection—a 4.1-fold enrichment over chance (hyper-
geometric p = 4.5 x 10~°), with 90% of confirmed genotypes at the two highest field grades.
The 20 non-overlapping UAV candidates were inspected and deliberately passed over,
reflecting reproductive and morphological traits that the UAV traits do not capture; the
composite therefore narrows the candidate pool for expert evaluation without replacing it.

Combining low-altitude UAV structural measurements with multitemporal red-edge
spectral indices offers a scalable phenotyping approach for drought-adaptive selection
in sesame mutagenesis programmes. Results from this single unreplicated M, season
require multi-year validation; the workflow will be carried forward to M3 and later genera-
tions, where yield-based validation will determine whether the UAV composite, breeder
assessment, or their combination best predicts drought performance.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/rs18132181/s1, Table S1: Regression performance of UAV canopy
height estimates across flight altitudes under contrasting water regimes; Table S2: Spectral-index
summary statistics across dates and irrigation treatments; Table S3: Cross-validated accuracy of plant
height models under multiple predictor sets and validation schemes; Table S4. Per-fold performance
of OLS, Random Forest, and Gradient Boosting under leave-one-date-out cross-validation, broken
down by hold-out date; Table S5. Sensitivity of the composite Stress Tolerance Index ranking to trait
weighting; Figure S1. Temporal trajectories of the four spectral reflectance indices (NDVI, NDRE,
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GNDVI, LCI) across the four UAV campaigns under full irrigation (ENV1) and water stress (ENV2);
Figure S2. Analytical workflow of the UAV-based phenotyping and drought-ranking pipeline.
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Abbreviations

The following abbreviations are used in this manuscript:

AGL Above ground level
ANOVA  Analysis of variance
CHM Canopy height model

Cv Coefficient of variation

DAS Days after sowing

DSM Digital surface model

ENV1 Normal irrigation environment
ENV2 Water-stress environment

GB Gradient Boosting

GDD Growing degree days
GNDVI  Green Normalised Difference Vegetation Index

ICC Intraclass correlation coefficient
LCI Leaf Chlorophyll Index

LODO Leave-one-date-out

LOEO Leave-one-environment-out

LOGO Leave-one-genotype-out

MAE Mean absolute error

NDRE Normalised Difference Red Edge

NDVI Normalised Difference Vegetation Index

NTRIP Networked Transport of RTCM via Internet Protocol

OLS Ordinary least squares
P95 95th percentile

RF Random Forest

RGB Red, Green, Blue

RMSE Root-mean-square error
RTCM Radio Technical Commission for Maritime Services
RTK Real-time kinematic

SIM Structure-from-motion
SRI Spectral reflectance index
STI Stress Tolerance Index
UAV Unmanned aerial vehicle
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