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Abstract
Improving selection for multiple disease resistance (MDR) and yield in maize (Zea
mays L.) requires high-throughput, objective phenotyping tools, particularly under

field conditions where several foliar diseases co-occur. We evaluated drone-based

multispectral vegetation indices (VIs) for predicting resistance to northern leaf blight

(NLB; inoculated), northern leaf spot (NLS; natural), anthracnose top dieback (ATD;

natural), and for predicting grain yield across 2 years in near-isogenic inbreds, near-

isogenic hybrids, and a diverse hybrid panel. VIs showed lower coefficients of

variation but broad-sense heritability ranging from 0.09 to 0.95, compared with 0.30

to 0.99 for visual disease scores and 0.21 to 0.97 for yield. Correlations between

VIs and ground traits were strongest in near-isogenic hybrids, particularly for early-

season yield prediction (r = 0.98–0.99 in 2018; r = 0.87–0.90 in 2019), and moderate

for total disease severity (e.g., r=−0.61 to−0.68 in 2018). Associations were weaker

and less consistent in the diverse hybrid panel (yield r = 0.11–0.28). Disease-specific

signals were temporally structured: NLS correlated most strongly with early-season

VIs (r = −0.59 to −0.75), whereas ATD was best detected mid-season (r = −0.63

to −0.66) along with NLB (r = −0.66 to −0.75). Overall, multispectral VIs captured

meaningful canopy variation related to MDR and yield, with predictive performance

depending on germplasm structure and flight timing. These findings highlight the

potential of drone-based temporal phenotyping to complement visual assessments

and improve selection efficiency in maize breeding programs.

Abbreviations: ATD, anthracnose top dieback; BLUP, best linear unbiased predictor; CV, coefficient of variation; DAP, days after planting; DLA, diseased
leaf area; G2F, Genomes to Fields; GYraw, raw grain yield; MCARI, modified chlorophyll absorption in reflectance indices; MDR, multiple disease
resistance; NDVI, normalized difference vegetation index; NIL, near-isogenic line; NLB, northern leaf blight; NLS, northern leaf spot; OSAVI, optimized
soil-adjusted vegetation index; QTL, quantitative trait locus; rAUDPC, relative area under the disease progress curve; RDVI, renormalized difference
vegetation index; tDS, total disease severity; VI, vegetation index.
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Plain Language Summary
Maize (Zea mays L.) plants often face several leaf diseases at the same time, making

it hard for breeders to choose the best varieties. In this study, we used drones to

take repeated images of maize fields and measured simple color- and light-based

indicators from the plants. We compared these drone measurements with traditional

field ratings of three major diseases and with grain yield. The drone data were highly

repeatable and were able to predict disease levels and yield well, in some cases even

before symptoms were easy to see. These results show that drone technology can help

breeders evaluate plants faster, more accurately, and with less labor, especially when

multiple diseases occur together.

1 INTRODUCTION

Sometimes, “we see things not as they are, but as we are.
Because it is the ‘I’ behind the ‘eye’ that does the seeing.” This
aphorism by Anaïs Nin provides a metaphor for the difficulty
of measuring a trait objectively only by visual observation.
In plant breeding, screening for disease resistance tradition-
ally relies on visual assessment of field-grown lines. While
conventional and accepted, this method is time-consuming
and prone to inaccuracies from observer subjectivity, lim-
iting its precision and scalability (Bock et al., 2008, 2009,
2020; Poland & Nelson, 2011). Such imprecision can sub-
stantially affect genetic analyses, causing large variations in
quantitative trait locus (QTL) effect estimates (Poland & Nel-
son, 2011). Furthermore, these methods typically target single
diseases, despite the well-recognized importance of multi-
ple disease resistance (MDR) for robust varietal performance
(Wiesner-Hanks & Nelson, 2016).

In field trials, plots artificially inoculated with a target
pathogen are frequently colonized by additional, naturally
occurring diseases. Under such conditions, visual severity
estimates can become less accurate or precise, as co-occurring
pathogens create overlapping symptoms and complex spa-
tiotemporal disease dynamics that challenge rater consistency.
These complications are further amplified by the fact that
resistance (or susceptibility) to one disease may also influence
responses to others (Kolkman et al., 2023). As a result, objec-
tive selection for MDR (Wiesner-Hanks & Nelson, 2016)
becomes particularly difficult. Likewise, selecting for yield
under disease pressure without robust disease quantification
can lead to misleading conclusions about tolerance and overall
performance in breeding programs.

Remote sensing detects and classifies objects based on
their spectral signatures and has become a key geospa-
tial technology for overcoming the phenotyping bottleneck
in digital agriculture. When combined with machine learn-
ing, it offers breeders powerful tools to accelerate crop
improvement, including for disease resistance (DeSalvio

et al., 2022; Furbank & Tester, 2011; Ghosal et al., 2018;
Herr et al., 2023; Shakoor et al., 2017). Spectral imag-
ing captures reflected electromagnetic energy across visible
(400–700 nm), near-infrared (700–1300 nm), and, depending
on the sensor, shortwave-infrared (1400–3000 nm) wave-
lengths. These measurements, recorded as pixels with distinct
spectral signatures, provide information on physiological and
biochemical traits, including leaf water status, pigment com-
position, and structural biomass properties (Curran, 1989;
Peñuelas & Filella, 1998; Yendrek et al., 2017). Spectral
remote sensing data are often summarized using vegetation
indices (VIs), which are transformations of two or more spec-
tral bands. VIs can detect subtle changes in plant health that
are not readily visible to the human eye, making them valuable
tools for monitoring stress responses. However, because biotic
and abiotic stresses can trigger similar spectral signatures,
remote sensing-based assessments must carefully account for
potential confounding among stressors (Ghosal et al., 2018;
Simko et al., 2017).

Unmanned aerial vehicles (UAVs, or drones) equipped with
sensors enable rapid data collection over large field trials and
across phenological stages (Ashapure, Jung, Chang, et al.,
2019; Ashapure, Jung, Yeom, et al., 2019; Chang et al., 2017;
Dash et al., 2017; Enciso et al., 2019; Jung et al., 2018;
Mahlein, 2016; Yeom et al., 2018; Washburn et al., 2024).
Drone-based spectral remote sensing has been successfully
deployed for high-throughput phenotyping of key agronomic
traits such as yield, plant height, and biomass across several
crop species (Gano et al., 2024).

Spectral analysis is increasingly being explored for disease
phenotyping across crop species (Mahlein, 2016; Shakoor
et al., 2017; Simko et al., 2017; Song et al., 2021). Hyperspec-
tral approaches have achieved high accuracy in distinguishing
healthy from diseased tissue and in quantifying severity at
both leaf and field scales in several pathosystems, including
Cercospora leaf spot, rust, and powdery mildew in sugar beet
(Beta vulgaris L.) (Mahlein et al., 2012; Rumpf et al., 2010),
root rot (Phymatotrichopsis omnivora) in cotton (Gossypium
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hirsutum L.) (Yang et al., 2010), and stripe rust (Puccinia
striiformis) in wheat (Triticum aestivum L.) (Devadas et al.,
2015). More affordable multispectral imaging technologies
have also been used to monitor crop health, with success-
ful applications in detecting powdery mildew and leaf rust
in wheat (Franke & Menz, 2007), Huanglongbing (Candi-
datus Liberibacter spp.) in citrus (Garcia-Ruiz et al., 2013;
Sankaran et al., 2013), and cotton root rot (Yang et al., 2010).

Few drone-based disease phenotyping studies have been
conducted in maize (Zea mays L.), and they cover only
a limited set of pathosystems, including the tar spot com-
plex (TSC) (Loladze et al., 2019; Oh et al., 2021), maize
streak virus (Chivasa et al., 2021), northern leaf blight (NLB)
(DeChant et al., 2017; Stewart et al., 2019; Wiesner-Hanks
et al., 2018), and rust (DeSalvio et al., 2022). For TSC
and maize streak virus, high-altitude drone flights com-
bined with plot-level spectral VIs effectively distinguished
diseased from healthy canopies and showed strong agree-
ment with ground disease scores and yield. However, these
studies were conducted under highly controlled conditions
(large four-row plots, a single manually inoculated pathogen,
drone flights aligned with ground scoring, and fungicide
treatment of non-inoculated plots), which are uncommon in
routine breeding trials. By contrast, NLB studies have relied
on machine learning to detect individual lesions from low-
altitude imagery, an approach that is currently impractical for
plot-level high-throughput phenotyping.

The use of drone-derived VIs has enabled accurate pre-
diction of both maize diseases and yield. For example,
multi-temporal VIs have been used to predict maize streak
virus (Chivasa et al., 2021) and southern rust (DeSalvio et al.,
2022) before major symptoms were visible. The TSC has also
been predicted effectively using multi-temporal VIs (Oh et al.,
2021) and integrated variables derived from these time series
(Loladze et al., 2019). Notably, the same VIs used as dis-
ease predictors also exhibit strong predictive power for grain
yield. In non-disease maize trials, multispectral VIs explain a
substantial proportion of yield variation across environments
(Guo et al., 2024; Ramos et al., 2020). Recent evidence fur-
ther shows that high-temporal-resolution UAV phenotyping
enhances predictive performance, whether leveraging full-
season VI trajectories or a limited number of flights at key
phenological stages such as pre-flowering (Washburn et al.,
2024).

Despite progress in remote sensing-based phenotyping of
individual plant diseases, applications targeting mixed foliar
infections and naturally occurring disease complexes remain
largely unexplored. In this study, we evaluated the poten-
tial of drone-based multispectral remote sensing to phenotype
resistance to three co-occurring maize foliar diseases: arti-
ficially inoculated northern leaf blight (NLBart), naturally
occurring northern leaf spot (NLSnat), and anthracnose top
dieback (ATDnat). We assessed the ability of drone-derived

Core Ideas
∙ Drone-based imaging captured diseases and yield

reliably across germplasm and environments.
∙ Temporal drone data predicted disease severity and

yield with strong correlations to field scores.
∙ Near-isogenic lines showed clearer disease signal

and higher trait heritability than diverse hybrids.
∙ Multiple vegetation indices provided consistent

yield prediction and time-specific disease detec-
tion.

∙ Drone phenotyping enables efficient selection for
multiple disease resistance in breeding programs.

VIs to predict single and MDR as well as grain yield, using
both single-time-point and temporally-averaged VIs from
two flights. We further examined performance across three
germplasm groups: near-isogenic inbred lines, near-isogenic
hybrid lines, and a diverse hybrid panel field-tested at one
location over two years. All evaluations were conducted under
realistic breeding conditions, using two-row field nurseries
without fungicide treatments and with asynchronous timing
between drone flights and ground-based visual assessments.

2 MATERIALS AND METHODS

2.1 Germplasm

Near-isogenic inbred and hybrid lines of maize (Z. mays L.)
and a panel of diverse hybrids were field-tested for NLB
resistance and grain yield in Aurora, NY, in 2018 and 2019.
The near-isogenic line (NIL) inbreds were selected from a
characterized introgression library consisting of a collection
of 412 BC5F4 lines, created from backcrosses between 18
diverse nested association mapping founder lines (donors)
and maize inbred line B73 (recurrent parent) (Kolkman et al.,
2020). For the 2018 field trial, we selected 10 NILs based on
both phenotypic criteria (specifically with statistically signifi-
cantly more resistance or susceptibility to NLB than B73) and
genotypic criteria (selecting lines with introgressions carrying
certain loci that had been identified as NLB QTL; Kolk-
man et al., 2020; Poland et al., 2011). The 10 selected NIL
inbreds carried an average introgression size of 1.14% of the
donor maize genome (Kolkman et al., 2020). The single-cross
NIL hybrids were developed by crossing each of the 10 NIL
inbreds to a single tester (inbred line LH82). This tester was
chosen because it had shown good heterosis with B73 and is
important as a founder inbred line used in commercial maize
breeding programs (Z. Li et al., 2018). For the 2019 field sea-
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4 of 17 MORETA ET AL.

F I G U R E 1 Experimental overview and research flow of ground-based visual assessments and high-throughput screening of maize foliar
diseases throughout the 2018 and 2019 growing seasons. (A) Types of germplasm (mostly different lines between years within each type), diseases,
and measurements. Relative timing of the asynchronous ground scoring of diseases and drone flights (remote sensing) (B) in 2018 and (C) in 2019.
The Genomes to Fields (G2F) hybrids were inoculated with NLB 5 days earlier than the near-isogenic lines (NILs) in 2019 (not shown). ATD,
anthracnose top dieback; DAP, days after planting; DLA, diseased leaf area; DPI, days post-inoculation; NLB, northern leaf blight; NLS, northern
leaf spot; rAUDPC, relative area under the disease progress curve.

son, we selected NILs with introgressions that harbored four
key NLB QTLs based on the field evaluation results of the pre-
vious year. We tested two distinct alleles per locus in 2019 for
a total of eight NIL inbreds plus a subset of five NIL hybrids,
mostly with a single donor-specific NLB QTL.

The diverse hybrid panel comprised a set of 250 hybrids
under the Genomes to Fields (G2F) initiative and were cate-
gorized as the NY1 G2F population (AlKhalifah et al., 2018).
The complete G2F hybrid panel was also field-tested for NLB
resistance and yield both in 2018 and 2019, with some over-
lapping of hybrids among years. The G2F modern hybrids
had more genetic diversity compared to the NILs (inbreds
and hybrids). The G2F hybrid germplasm was generally com-
posed of uniform taller plants with denser canopies than the
NIL germplasm.

2.2 Experimental design and
implementation

The study was originally designed for simultaneous disease
and yield evaluations using ground-based visual assessments
of foliar diseases. We took advantage of this established
experiment to explore the feasibility of drone-based high-
throughput phenotyping to measure foliar disease severities
(artificially inoculated and naturally occurring) and yield
under disease pressure (Figure 1A).

The trials were planted in late May 2018 and early June
2019 at Cornell University’s Robert B. Musgrave Research
Farm in Aurora, NY (43 43′ 44.53″ N, 76 39′ 08.28″ W) at
261 m above sea level. Farm soils are silt loam with a pH of
7.3–8.0. The NIL inbreds and the NIL hybrids were planted in
two side-by-side blocks following an alpha lattice experimen-

tal design with three randomized replicates in 2018 and four in
2019. The G2F diverse hybrid population of 250 hybrid lines
was planted in a modified randomized complete block design
with two replicates in both 2018 and 2019. The NILs and the
G2F diverse hybrids were planted in contiguous areas in the
same field.

The experimental unit for both germplasm groups was a
two-row plot with two 6.40-m-long rows spaced 0.76 m apart.
Spacer rows were used to separate the different field sections
and germplasm groups (NILs v. G2F diverse hybrids), the NIL
sets (NIL inbreds v. NIL hybrids), and the NIL conditions
(inoculated v. uninoculated). No fungicides were applied to
the uninoculated experimental plots. The fertilization regime
was the same for all plots. The NILs were irrigated as required,
while the G2F hybrids were rainfed. Grain yield was mea-
sured from each two-row plot using a plot combine harvester,
adjusted to a standard grain moisture content of 15.5%, and
then expressed in metric tons (t) per hectare per year.

2.3 Inoculation, natural infections, and
disease assessment

Setosphaeria turcica inoculum was prepared as described by
Chung et al. (2010). Except for the uninoculated block of
the NILs, all germplasm sets were inoculated with the NLB
pathogen S. turcica race 1, isolate NY001. Individual plants
were inoculated at the V7–V8 leaf stage in 2018 (46 days
after planting [DAP]) and V6–V7 leaf stage in 2019 (42
DAP). The NILs were inoculated only with liquid inoculum
in 2018 (0.5 mL of spore suspension, 4 × 103 conidia per mL,
0.02% Tween 20) and with both liquid and solid (1/4 teaspoon,
∼1.3 mL of colonized sorghum grains) inoculum in 2019. The
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G2F hybrids were inoculated only with solid inoculum in both
years. When both were applied, the liquid and solid inocu-
lum were placed in the whorl of each plant a day apart. Water
was applied using a sprinkler only over the NILs 1 day after
inoculation to promote NLB infection in the inoculated plants.

Two naturally occurring fungal foliar diseases were the
predominant diseases in the inoculated NIL plots and in the
uninoculated plots in 2018 and 2019: northern leaf spot (NLS,
caused by Cochliobolus carbonum race 3) and anthracnose
top dieback (ATD, caused by Colletotrichum graminicola).
ATD also prevailed in the NLB-inoculated G2F plots in both
years, while NLS symptoms were not observed in the G2F
plots. ATD in the experimental plots was associated with an
ATD epidemic that affected much of New York in Septem-
ber 2018 (Cummings, 2018) and that was observed in the
surrounding farmers’ fields.

Disease severity was visually assessed on a plot basis and
scored independently for NLB, NLS, and ATD. Diseased leaf
area (DLA) was recorded at up to three temporally spaced
assessments per growing season to capture disease progres-
sion, except in the 2019 G2F hybrid trial, where ATD was
scored twice due to late-season phenotypic constraints. Rat-
ings were conducted at 10- to 16-day intervals post-anthesis,
when symptoms of artificially inoculated NLB and naturally
occurring NLS and ATD were prevalent. Disease severity
was quantified as percent DLA (0%–100%) at each assess-
ment. Repeated DLA measurements were summarized in two
ways: (i) a disease severity index calculated as the mean of
the available DLA scores, and (ii) the relative area under the
disease progress curve (rAUDPC), which integrates disease
intensity over time. Higher DLA and rAUDPC values indicate
greater disease severity. Spatially corrected best linear unbi-
ased predictors (BLUPs) were estimated from DLA-derived
traits and rAUDPC values and used in subsequent analyses.
rAUDPC was calculated following Fry (1978), with minor
modifications, as follows:

rAUDPCDLA = 1
100

(
𝑡𝑛 − 𝑡1

)
𝑛−1∑

𝑖=1

𝑦𝑖 + 𝑦𝑖+1
2

(
𝑡𝑖+1 − 𝑡𝑖

)

(1)
where 𝑦𝑖 = DLA rating at time 𝑖, with 𝑖 = 1–3 ratings;
𝑡𝑖 = DLA rating day; 𝑡𝑖+1 − 𝑡𝑖 = day interval between two
DLA ratings; and 𝑛= number of ratings. rAUDPC values were
then multiplied by 100 to express them as percentages.

We also calculated total disease severity (tDS) on a plot
basis by summing either average DLA ratings or rAUDPCs
of NLB, NLS, and ATD based on the following equation:

tDS (%) = NLBart + NLSnat + ATDnat (2)

where tDS = total disease severity expressed in either percent
DLA or percent rAUDPC, NLBart = artificially inoculated

northern leaf blight, NLSnat = naturally occurring northern
leaf spot, and ATDnat = naturally occurring anthracnose top
dieback. Therefore, tDS represents the cumulative quantifi-
cation of different foliar diseases that overlapped in space and
time (Supporting Information S1).

2.4 Aerial image acquisition and data
processing

As the established field trials were not initially intended for
drone-based disease phenotyping, drone flights were con-
ducted at arbitrary dates over the contiguous NIL and G2F
field experiments in 2018 (Figure 1B) and 2019 (Figure 1C).
The timing of these flights did not coincide with the timing
of the ground-based visual estimates of each disease due to
logistical constraints.

The flights were carried out using a DJI Matrice 600
unoccupied aerial systems (DJI) weighing ∼10 kg with a cam-
era and batteries. Flight plans were designed using Mission
Planner (ArduPilot, https://ardupilot.org/) and executed using
Litchi (https://flylitchi.com/). The drone flew a total of 11
times every 6–18 days in 2018 and 13 times every 4–14 days
in 2019. Each flight lasted a maximum of 20 min at a cruise
speed of 2 m/s. The flights were conducted under sunny condi-
tions at 20 and 25 m above the ground, covering and extending
beyond an experimental area of 0.87 ha in 2018 and 0.98 ha in
2019. Eight ground control points, measured using a Trimble
RTK-GPS, were utilized for georeferencing and accuracy.

The experimental area contained a total of 644 experimen-
tal two-row plots in 2018 and 668 plots in 2019 (Supporting
Information S2). The aerial images were acquired using the
RedEdge-M multispectral camera (MicaSense) equipped with
five individual sensors that captured blue (475 nm, 20 nm full-
width at half maximum [FWHM]), green (560 nm, 20 nm
FWHM), red (668 nm, 10 nm FWHM), red-edge (717 nm,
10 nm FWHM), and near infrared (840, 40 nm FWHM).
Images were collected automatically based on GPS positions
to give 75% forward overlap and 75% sidelap to ensure high
coverage of images. We used the spectral information of a
small subset of the flights (three in 2018 and two in 2019)
based on flight and image quality. Thus, multispectral UAV
imagery was acquired from at least two growth stages during
each growing season to capture temporal variation in canopy
condition.

The raw multispectral images were processed using the
Pix4Dmapper software (v3.3.24; Pix4D) (https://www.pix4d.
com/) to obtain composite geometrically corrected images
(orthomosaics). The QGIS software (v2.2) (https://www.qgis.
org/en/site/) was used to create rectangular boundaries to
define experimental plots that were captured in the ortho-
mosaics. R scripts from the FIELDimageR package (https://
www.opendronemap.org/fieldimager/) were used to extract
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spectral information from the orthomosaics. Spectral infor-
mation was then aggregated at the plot-level based on the
rectangular plot boundaries drawn in QGIS. In this study,
we selected and extracted five plot-level multispectral VIs—
normalized difference vegetation index (NDVI) (Rouse et al.,
1973), renormalized difference vegetation index (RDVI)
(Roujean & Breon, 1995), optimized soil-adjusted vegeta-
tion index (OSAVI) (Rondeaux et al., 1996), and modified
chlorophyll absorption in reflectance indices (MCARI1 and
MCARI2) (Haboudane et al., 2004) (Supporting Information
S3)—to comprehensively capture the structural and phys-
iological impacts of NLB, NLS, and ATD on the maize
canopy. These indices quantify canopy greenness, leaf area
development, and pigment degradation, key indicators of pho-
tosynthetic integrity and overall plant health under biotic
stress. NDVI and RDVI capture variations in canopy den-
sity and photosynthetic activity, while OSAVI minimizes
soil background influence, improving sensitivity in hetero-
geneous canopies. The MCARI1 and MCARI2 indices were
included for their direct sensitivity to chlorophyll content,
allowing for the detection of chlorosis, a primary symptom
of the diseases under investigation. For temporal integration,
VI values from individual flights were averaged to represent
overall canopy status during the disease assessment period.
To account for spatial field heterogeneity, spatially corrected
BLUPs were estimated from raw VI data and used in all
subsequent analyses.

Our choice of these specific VIs is strongly supported by
the work of Loladze et al. (2019), who successfully deployed
the same set of indices to phenotype TSC resistance in maize.
In their study, these indices demonstrated a strong relation-
ship with the area under the disease progress curve (AUDPC)
of TSC, proving their efficacy in quantifying disease sever-
ity and resistance in a maize breeding context. This precedent
validates our approach of using a targeted, multi-index frame-
work to dissect the complex canopy changes caused by NLB,
NLS, and ATD.

2.5 Statistical analysis

All analyses were conducted in R (R Core Team, 2020)
using RStudio (RStudio Team, 2022). Spatial correction of
field phenotypes was performed with the SpATS package
(Rodríguez-Álvarez et al., 2024), which implements the PS-
ANOVA P-spline methodology of Rodríguez-Álvarez et al.
(2018). For the NIL trial, inbreds and hybrids were analyzed
together within each year with replication and germplasm type
as fixed effects, whereas G2F hybrids were analyzed sep-
arately by year. Spatially corrected genotype BLUPs from
SpATS were used for heritability estimation and correlations
between ground-truth traits and VIs. For each plot i, the spatial
mixed model fitted was as follows:

𝑦𝑖 = 𝜇 + 𝑔𝑘(𝑖) + 𝑓 (𝑥𝑖, 𝑧𝑖) +𝑅𝑟(𝑖) + 𝐶𝑐(𝑖) + 𝑒𝑖 (3)

where 𝑦𝑖 denotes the phenotype, 𝜇 is the overall mean, 𝑔𝑘(𝑖) is
the random effect of genotype k, 𝑅𝑟(𝑖) and 𝐶𝑐(𝑖) are random
row and column effects, 𝑓 (𝑥𝑖, 𝑧𝑖) is a two-dimensional smooth
surface modeled using tensor-product P-splines to account for
spatial heterogeneity across the field, and 𝑒𝑖 is the residual
effect.

Broad-sense heritability was estimated using the general-
ized definition of Cullis et al. (2006):

𝐻2 = 1 −
𝑣Δ
2 𝜎2

𝑔

(4)

where 𝜎2
𝑔

is the genetic variance and 𝑣Δ is the average predic-
tion error variance of pairwise BLUP differences, as returned
by the SpATS heritability() function.

The spatial mixed model was fitted separately for each
flight (and its corresponding VIs) and for each individual dis-
ease assessment. We also applied the model to aggregated trait
values, including mean DLA (from 2 to 3 ratings), AUDPC
(from three ratings), mean VIs (from two flights), and grain
yield. Broad-sense heritability was then estimated for both the
individual time-point data and the averaged traits.

The coefficient of variation (CV) was calculated from the
replicated raw values of each trait to assess the consistency
of ground-based disease ratings, grain yield, and VIs. Pear-
son correlation coefficients (r) were computed using spatially
corrected BLUPs from both individual time points and aver-
aged traits to quantify the relationships between ground-based
disease severity, grain yield, and drone-derived VIs. Ground-
based severity inputs included BLUPs for DLA and rAUDPC
for each disease (NLBart, NLSnat, or ATDnat) as well as the
total foliar disease metric (Equation 2). Statistical signifi-
cance of the correlations was declared based on a p-value ≤ α
(α = 0.05).

3 RESULTS

3.1 Consistency and heritability of
ground-based disease scorings, yield, and
vegetation indices

Across both years, VIs exhibited substantially lower CVs than
the conventional phenotypic metrics (DLA and raw grain
yield [GYraw]) in the NIL germplasm. In 2018, the mean CV
of VIs across inbreds and hybrids was 7%, increasing slightly
to 9% in 2019. In contrast, DLA displayed much higher vari-
ability, with mean CVs of 43% in 2018 and 62% in 2019, while
GYraw showed intermediate CVs of 35% and 26%, respec-
tively (Figure 2). A similar pattern was observed in the G2F
diverse hybrid panel. In 2018, VIs showed a lower overall
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MORETA ET AL. 7 of 17

F I G U R E 2 Distribution of coefficients of variation (CVs) for phenotypic traits in the near-isogenic line (NIL) germplasm. Boxplots represent
the CV for vegetation indices (VIs), diseased leaf area (DLA), and grain yield across inbreds and hybrids evaluated in 2018 and 2019. VIs and DLA
distributions include measurements from multiple time points and their respective seasonal averages. Evaluated diseases include artificially
inoculated northern leaf blight (NLBart), naturally occurring northern leaf spot (NLSnat), and naturally occurring anthracnose top dieback (ATDnat).

(Continues)
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8 of 17 MORETA ET AL.

F I G U R E 2 (Continued)
Total disease severity (tDSsum) represents the sum of NLBart, NLSnat, and ATDnat. Calculated VIs include NDVI (normalized difference vegetation
index), RDVI (renormalized difference vegetation index), OSAVI (optimized soil-adjusted vegetation index), and MCARI1 and MCARI2 (modified
chlorophyll absorption in reflectance indices). Adjusted grain yield was included as a control. Black diamonds indicate mean CV values; total
observation counts (n) for each trait are provided above the respective plots.

mean CV (21%) than DLA (46%) but a higher CV than GYraw
(15%). In 2019, the VIs again had the lowest variability, with
a mean CV of 7%, compared with 37% for DLA and 14% for
GYraw (Figure 3).

At the individual time points assessed in both germplasm
panels and across both years, the mean CVs of the VIs consis-
tently remained lower than those of the corresponding DLA
measurements, further underscoring the greater stability of
the VI-based assessments over time. Together, these results
demonstrate that multispectral VIs captured by UAV plat-
forms provide markedly more stable phenotypic signals than
both DLA scores and raw yield measurements, underscoring
their potential as reliable, low-noise indicators for high-
throughput disease and yield phenotyping across germplasm
and years.

Broad-sense heritability (H2) estimates from spatially
corrected BLUPs showed clear differences between ground-
measured traits and drone-derived VIs across years and
germplasm groups. In both the NIL and G2F panels, aver-
aged and aggregated disease phenotypes (NLB, NLS, ATD,
tDS) and grain yield generally exhibited higher or comparable
heritability than the average VIs (Tables 1 and 2), indicating
stronger genetic signal in the visually scored traits. Excep-
tions included NLB in the 2018 NIL trial and GYraw in
the 2019 G2F trial, where several VIs matched or slightly
exceeded ground-trait heritability, demonstrating that mul-
tispectral indices can sometimes capture genotype-specific
canopy stress with similar reliability. Across both years, NIL
germplasm typically showed higher heritability than the G2F
panel.

Patterns at individual time points mirrored those of the
averaged and aggregated traits. In the NIL germplasm, VIs
from flight 1 in 2018 and flights 1–2 in 2019 showed heritabil-
ity similar to the individual DLA scores, whereas VIs from
flight 2 in 2018 declined. In the G2F germplasm, individ-
ual DLA scores consistently outperformed VIs across flights
in both years. Early-season VIs (flight 0, 2018) showed her-
itability comparable to DLA scores and were higher in the
NIL than the G2F panel. VIs derived from the late-season
flight at 82 DAP in 2018 exhibited the lowest heritability
estimates (H2 = 0.09–0.14) within the G2F diverse hybrid
panel. This pattern suggests a reduced genetic signal at
later growth stages, likely due to increased environmental
noise and canopy saturation, particularly in genetically het-
erogeneous germplasm. In 2019, VIs from the comparable
late-season flight at 80 DAP showed moderately higher her-

itability (H2 = 0.26–0.34), but values remained lower than
those observed at earlier time points. Heritability estimates of
1.0 for NLSDLA3 and NLSrAUDPC in the 2019 NIL germplasm
were considered model artifacts and excluded from biological
interpretation.

Overall, these patterns indicate that while ground-based
disease scores and yield traits generally retain stronger genetic
signal, multispectral VIs (particularly at early developmental
stages) can at times provide heritability comparable to con-
ventional phenotyping, underscoring their targeted value for
capturing genotype-specific canopy responses.

3.2 Relationship of yield and disease
severity with vegetation indices

Across both years, correlations between VIs and ground-
measured traits were generally stronger in the NIL germplasm
(Table 3) than in the G2F panel (Table 4), likely due
to the more homogeneous genetic background of the NIL
inbreds/hybrids, in contrast to the highly diverse G2F hybrids.
Correlation magnitudes varied across years, flight times
(crop phenological stages), and diseases (NLBart, NLSnat,
ATDnat, and tDS), indicating that both temporal and disease-
specific factors shaped the strength of VI–ground trait
associations.

VI–yield correlations varied markedly across years,
germplasm groups, and flight times (Tables 3 and 4). In 2018,
the strongest associations were observed during the early
flight 0 (34 DAP), with moderate correlations in NIL inbreds
(r = 0.66–0.73) and very strong correlations in NIL hybrids
(r = 0.98–0.99); correlations in the G2F panel were weaker
(r = 0.24–0.28). Later-season flights (82 and 126 DAP)
showed only slightly reduced correlations in NIL hybrids and
were largely nonsignificant in the G2F panel. In 2019, flight
1 (45 DAP) produced the highest correlations in NIL hybrids
(r = 0.87–0.90), whereas the G2F hybrids showed only
weak associations (r = 0.14–0.17). When VIs were averaged
across flight 1 and flight 2, strong correlations with yield
were observed only in NIL hybrids, both in 2018 (r = 0.70–
0.96) and 2019 (r = 0.83–0.86). These results suggest that
early-season multispectral imaging can effectively capture
genotype-driven yield variation, particularly in germplasm
with well-defined and uniform genetic backgrounds such
as NIL hybrids, and may therefore be most informative for
high-throughput yield prediction.
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MORETA ET AL. 9 of 17

F I G U R E 3 Distribution of coefficients of variation (CVs) for phenotypic traits in the Genomes To Fields (G2F) hybrid germplasm. Boxplots
represent the CV for vegetation indices (VIs), diseased leaf area (DLA), and grain yield evaluated in 2018 and 2019. VIs and DLA distributions
include measurements from multiple time points and their respective seasonal averages. Evaluated diseases include artificially inoculated northern
leaf blight (NLBart) and naturally occurring anthracnose top dieback (ATDnat). Total disease severity (tDSsum) represents the sum of NLBart and

(Continues)
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10 of 17 MORETA ET AL.

F I G U R E 3 (Continued)
ATDnat. Calculated VIs include NDVI (normalized difference vegetation index), RDVI (renormalized difference vegetation index), OSAVI
(optimized soil-adjusted vegetation index), and MCARI1 and MCARI2 (modified chlorophyll absorption in reflectance indices). Adjusted grain yield
was included as a control. Black diamonds indicate mean CV values; total observation counts (n) for each trait are provided above the respective plots.

T A B L E 1 Broad-sense heritability (H2) of ground-measured phenotypes (disease severity and yield) in a near-isogenic line (NIL) population of
maize inbreds and hybrids and in a Genomes to Fields (G2F) population of diverse maize hybrids field tested in Aurora, NY, in 2018 and 2019.

NY2018 NY2019
Ground-based
assessments DAP NILs DAP G2F DAP NILs DAP G2F
NLBDLA1 95 0.74 113, 115 0.79 98 0.86 92, 93 0.30

NLBDLA2 106 0.72 120, 122 0.70 114 0.86 105, 106 0.79

NLBDLA3 116 0.72 127, 131 0.73 124 0.86 120 0.81

NLBDLAavg NA 0.72 NA 0.78 NA 0.86 NA 0.76

NLBrAUDPC NA 0.72 NA 0.76 NA 0.86 NA 0.78

NLSDLA1 100 0.89 NA NA 114 0.88 NA NA

NLSDLA2 110 0.90 NA NA 124 0.92 NA NA

NLSDLA3 120 0.96 NA NA 138 1.0 NA NA

NLSDLAavg NA 0.95 NA NA NA 0.92 NA NA

NLSrAUDPC NA 0.95 NA NA NA 1.0 NA NA

ATDDLA1 116 0.95 113, 115 0.73 138 0.86 120 0.78

ATDDLA2 127 0.89 120, 122 0.76 NA NA 134 0.90

ATDDLA3 137 0.99 127, 131 0.67 NA NA NA NA

ATDDLAavg NA 0.99 NA 0.81 NA NA NA 0.89

ATDrAUDPC NA 0.94 NA 0.81 NA NA NA NA

tDSDLA NA 0.96 NA 0.80 NA 0.95 NA 0.90

tDSrAUDPC NA 0.97 NA 0.80 NA 0.74 NA 0.77

GYraw 200 0.97 200 0.42 192 0.83 192 0.21

GYadj 200 0.49 200 0.33 192 0.56 192 0.45

Note: NA indicates that the measurement was not recorded due to ambiguity or subjectivity in the visual assessment (e.g., coalesced lesions from two to three diseases)
or due to the absence of symptoms in the field (e.g., no NLS observed in the G2F trials). Disease severity was measured using a percent estimate of diseased leaf area
(DLA). The severity index per year for each disease was obtained by averaging three different temporally spaced DLA ratings.
Abbreviations: ATD, naturally occurring anthracnose top dieback; DAP, days after planting; GYadj, adjusted grain yield for stand counts; GYraw, raw grain yield (without
adjustment for stand counts); NLB, artificially inoculated northern leaf blight; NLS, naturally occurring northern leaf spot; rAUDPC, relative area under the disease
progress curve; tDS, total disease severity (sum of NLB, NLS, and ATD).

Correlations between VIs and both total and individ-
ual foliar disease severities varied across years, germplasm
groups, and flight times (Tables 3 and 4). In the NIL hybrids,
total disease severity (tDS)—the sum of NLB, NLS, and
ATD—showed moderate negative correlations with flight 1
VIs in 2018 (82 DAP; r = −0.64 to −0.66) and flight 2 VIs
(126 DAP; r=−0.61 to−0.68). In 2019, tDS was significantly
associated only with NDVI from flight 2 (80 DAP; r=−0.60).
In the G2F hybrids, tDS (NLB + ATD) displayed moderate–
weak correlations with 2018 flight 2 VIs (126 DAP; r=−0.46
to −0.54) and weak correlations with 2019 flight 1 VIs (45
DAP; r = −0.15 to −0.16).

Individual diseases also showed heterogeneous association
patterns with VIs. NLB severity correlated with two flight 2

VIs in the 2018 NIL inbreds (126 DAP; r = −0.58 to −0.59),
with both flight 1 (45 DAP; r = −0.62 to −0.63) and flight 2
VIs (80 DAP; r = −0.66 to −0.75) in the 2019 NIL inbreds,
and with flight 1 in the 2019 G2F hybrids where correla-
tions were notably weaker (45 DAP; r = −0.14 to −0.16).
NLS was associated with most early-season flight 0 VIs in
the 2018 NIL inbreds (34 DAP; r = −0.59 to −0.61) and
NIL hybrids (r = −0.72 to −0.75), and with most flight 1
VIs in the 2018 NIL hybrids (82 DAP; r = −0.58 to −0.64).
ATD severity was linked to flight 0 NDVI in 2018 NILs (34
DAP; r = −0.58) and to flight 1 VIs (82 DAP; r = −0.63
to −0.66). In the 2018 G2F hybrids, ATD showed moder-
ate correlations with flight 2 VIs (126 DAP; r = −0.45 to
−0.52).
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MORETA ET AL. 11 of 17

T A B L E 2 Broad-sense heritability (H2) of drone phenotypes (vegetation indices [VIs]) in a near-isogenic line (NIL) population of maize
inbreds and hybrids and in a Genomes to Fields (G2F) population of diverse maize hybrids field tested in Aurora, NY, in 2018 and 2019.

NY2018 NY2019
Flight Drone-derived VIs DAP NILs G2F DAP NILs G2F
flight 0 NDVI 34 0.93 0.58 NA NA NA

RDVI 0.95 0.68 NA NA

OSAVI 0.94 0.65 NA NA

MCARI1 0.95 0.70 NA NA

MCARI2 0.95 0.68 NA NA

flight 1 NDVI 82 0.79 0.14 45 0.78 0.24

RDVI 0.92 0.13 0.76 0.36

OSAVI 0.90 0.09 0.77 0.34

MCARI1 0.94 0.12 0.74 0.38

MCARI2 0.91 0.10 0.75 0.36

flight 2 NDVI 126 0.50 0.38 80 0.82 0.26

RDVI 0.57 0.50 0.83 0.32

OSAVI 0.55 0.49 0.83 0.34

MCARI1 0.53 0.56 0.82 0.30

MCARI2 0.45 0.56 0.82 0.34

Avga NDVI NA 0.37 0.27 NA 0.80 0.21

RDVI 0.93 0.15 0.81 0.18

OSAVI 0.91 0.21 0.81 0.23

MCARI1 0.94 0.08 0.81 0.13

MCARI2 0.93 0.16 0.80 0.19

Note: NA indicates that the corresponding unmanned aerial vehicle (UAV) flight was not conducted.
Abbreviations: DAP, days after planting; MCARI1 and MCARI2, modified chlorophyll absorption in reflectance indices; NDVI, normalized difference vegetation index;
OSAVI, optimized soil-adjusted vegetation index; RDVI, renormalized difference vegetation index.
aAveraged from flight 1 and flight 2, both conducted after artificial inoculation with S. turcica (NLB causal agent).

When averaged VIs from flight 1 and flight 2 were used,
tDS, NLS, and ATD displayed moderate correlations in the
2018 NIL hybrids, while NLB showed moderate correlations
with averaged VIs in the 2019 NIL inbreds. In the G2F hybrids
(2018), only tDS and ATD exhibited weak associations with
a small subset of averaged VIs.

These results suggest that while multispectral VIs are
effective for capturing foliar disease dynamics, their predic-
tive accuracy is highly dependent on the synchronization of
flight/phenological timing with specific disease progression
stages and the genetic background of the germplasm.

4 DISCUSSION

Our findings demonstrate that drone-based multispectral
remote sensing offers strong potential as a cost- and time-
effective approach for high-throughput phenotyping of both
single and MDR (including NLB, NLS, and ATD) as
well as yield under disease pressure in realistic breeding
field trials. However, the performance of this technology

(as disease and yield indicators) was influenced by sev-
eral factors intrinsic to breeding programs: differences in
germplasm type and genetic background, the timing of
flights relative to crop phenology, and the degree of syn-
chrony between UAV acquisitions and ground-based disease
assessments.

4.1 Consistency and heritability of visually
scored phenotypes and drone phenotypes

Across germplasm groups and years, drone-derived VIs
showed generally greater consistency than ground-based
visual ratings of disease severity and yield, as reflected by
their lower CVs (Figures 2 and 3). This pattern aligns with evi-
dence that visual assessments are prone to observer bias and
reduced precision (Bock et al., 2008, 2009; Bock et al., 2020;
Poland & Nelson, 2011). In our study, the co-occurrence
of NLB, NLS, and ATD (each with distinct canopy posi-
tions and symptom progressions) likely further diminished
rating consistency, consistent with known challenges such as
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12 of 17 MORETA ET AL.

T A B L E 3 Significant Pearson correlations (r) between ground-based traits (grain yield and diseases) and vegetation indices (VIs) in the
near-isogenic line (NIL) germplasm (2018–2019).

NY2018 NIL inbreds NY2018 NIL hybrids
DLAavg DLAavg

Flight VI GYraw tDS NLB NLS ATD GYraw tDS NLB NLS ATD
flight 0 NDVI 0.66 −0.59 0.98 −0.72 −0.58

RDVI 0.71 −0.59 0.99 −0.74

OSAVI 0.69 −0.59 0.98 −0.73

MCARI1 0.73 −0.61 0.99 −0.75

MCARI2 0.71 0.99 −0.75

flight 1 NDVI 0.81 −0.66 −0.63

RDVI 0.94 −0.65 −0.61 −0.65

OSAVI 0.90 −0.66 −0.58 −0.66

MCARI1 0.96 −0.64 −0.64 −0.64

MCARI2 0.93 −0.64 −0.61 −0.66

flight 2 NDVI −0.61

RDVI −0.59 0.84 −0.68

OSAVI −0.58 0.82 −0.67

MCARI1 0.80 −0.68

MCARI2 0.74 −0.68

Avga NDVI 0.70

RDVI 0.96 −0.64 −0.64 −0.58

OSAVI 0.94 −0.62 −0.62

MCARI1 0.97 −0.65 −0.65 −0.59

MCARI2 0.96 −0.65 −0.63 −0.59

NY2019 NIL inbreds NY2019 NIL hybrids
DLAavg DLAavg

Flight VI GYraw tDS NLB NLS ATD GYraw tDS NLB NLS ATD
flight 1 NDVI −0.63 0.87

RDVI −0.62 0.89

OSAVI −0.62 0.89

MCARI1 −0.63 0.90

MCARI2 −0.62 0.90

flight 2 NDVI −0.60 −0.75

RDVI −0.68 0.82

OSAVI −0.71 0.79

MCARI1 −0.66 0.82

MCARI2 −0.70 0.79

Avga NDVI −0.68 0.83

RDVI −0.65 0.86

OSAVI −0.67 0.85

MCARI1 −0.65 0.86

MCARI2 −0.67 0.85

Note: Correlations were computed using spatially corrected best linear unbiased predictor (BLUP) values. Only statistically significant correlations at a p-value ≤ α
(α = 0.05) are reported. Note that flight 0, flight 1, and flight 2 were conducted at 34, 82, and 126 days after planting (DAP) in 2018, while flight 1 and flight 2 were
conducted at 45 and 80 DAP in 2019.
Abbreviations: DLA, diseased leaf area; MCARI1 and MCARI2, modified chlorophyll absorption in reflectance indices; NDVI, normalized difference vegetation index;
OSAVI, optimized soil-adjusted vegetation index; GYraw, raw grain yield (without adjustment for stand counts); RDVI, renormalized difference vegetation index.
aAveraged from flight 1 and flight 2, both conducted after artificial inoculation with S. turcica (NLB causal agent).
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MORETA ET AL. 13 of 17

T A B L E 4 Significant Pearson correlations (r) between ground-based traits (grain yield and diseases) and vegetation indices (VIs) in the
Genomes to Fields (G2F) germplasm (2018–2019).

NY2018 G2F hybrids NY2019 G2F hybrids
DLAavg DLAavg

Flight VI GYraw tDS NLB ATD GYraw tDS NLB ATD
flight 0 NDVI 0.28 NA NA NA NA

RDVI 0.26 NA NA NA NA

OSAVI 0.27 NA NA NA NA

MCARI1 0.24 NA NA NA NA

MCARI2 0.25 NA NA NA NA

flight 1 NDVI −0.14

RDVI 0.16 −0.15 −0.16

OSAVI 0.14 −0.15 −0.15

MCARI1 0.11 0.17 −0.16 −0.16

MCARI2 0.12 0.16 −0.16 −0.16

flight 2 NDVI −0.46 −0.45

RDVI −0.53 −0.52

OSAVI −0.52 −0.51

MCARI1 −0.54 −0.52

MCARI2 −0.53 −0.52

Avga NDVI −0.14 −0.15

RDVI

OSAVI −0.12 −0.13

MCARI1

MCARI2 −0.10

Note: Correlations were computed using spatially corrected best linear unbiased predictor (BLUP) values. Only statistically significant correlations at a p-value ≤ α
(α = 0.05) are reported. Note that flight 0, flight 1, and flight 2 were conducted at 34, 82, and 126 days after planting (DAP) in 2018, while flight 1 and flight 2 were
conducted at 45 and 80 DAP in 2019. NA indicates that the corresponding UAV flight was not conducted.
Abbreviations: DLA, diseased leaf area; MCARI1 and MCARI2, modified chlorophyll absorption in reflectance indices; NDVI, normalized difference vegetation index;
OSAVI, optimized soil-adjusted vegetation index; GYraw, raw grain yield (without adjustment for stand counts); RDVI, renormalized difference vegetation index.
aAveraged from flight 1 and flight 2, both conducted after artificial inoculation with S. turcica (NLB causal agent).

overlapping lesions, coalescence, and senescence that compli-
cate visual scoring and can substantially alter genetic effect
estimates (Poland & Nelson, 2011).

In contrast, drone-based VIs provided more stable indi-
cators of canopy greenness and vigor, even though they
primarily sample upper-canopy signals. Their improved con-
sistency aligns with previous work demonstrating the robust-
ness of multi-temporal spectral traits for disease detection
and yield prediction (DeSalvio et al., 2022; Guo et al., 2024;
Oh et al., 2021; Wiesner-Hanks et al., 2018). These results
highlight the value of drone-based spectral sensing as an
objective and reliable complement to conventional scoring in
the heterogeneous conditions typical of resistance-breeding
trials.

Although drone-derived VIs exhibited lower CVs than
ground-measured disease severity and yield, broad-sense her-
itability (H2) was generally higher for the ground traits,
indicating that spatially corrected visual scores, despite their

subjectivity, remain highly effective at capturing genetic
variation in foliar disease resistance under field conditions.
Similar patterns of strong genetic signal in ground pheno-
types relative to spectral traits have been noted in prior maize
remote-sensing studies (Chivasa et al., 2021; DeSalvio et al.,
2022).

VIs nonetheless showed moderate to high heritability, con-
sistent with earlier observations of their temporal stability
and physiological relevance (Chivasa et al., 2021; Washburn
et al., 2024). Their objectivity and low variability make them
valuable complements to visual scores: ground traits provide
strong genetic resolution, whereas VIs offer scalable, high-
throughput indicators of canopy health. Combining both can
thus enhance selection for MDR and yield.

Higher heritability in the NIL germplasm than in the
diverse G2F hybrids reflects the more uniform genetic back-
ground of near-isogenic materials. This distinction under-
scores the importance of germplasm composition when
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interpreting the performance of both ground-based and drone-
derived phenotypes.

4.2 Relationship between visually scored
disease severity, yield, and drone-derived
phenotypes

We found promising correlations between VIs and disease
resistance or yield in certain germplasm groups and years,
though these associations were not consistent across all
conditions.

Across both years, VI–trait correlations were generally
stronger in the NIL germplasm than in the diverse G2F
hybrids. This is consistent with previous findings suggesting
that HTP-derived reflectance patterns more effectively cap-
ture genetic variance in populations with structured genetic
backgrounds (Rutkoski et al., 2016) and under standardized
field-based breeding scenarios (Zaman-Allah et al., 2015).
Early-season flights produced the strongest VI–yield associ-
ations (particularly in NIL hybrids), supporting the premise
that early canopy vigor and biomass establishment are crit-
ical determinants of final yield (Bänziger et al., 2000). Our
findings align with recent evidence that multispectral imaging
effectively captures these early-season physiological drivers
to predict performance in maize breeding pipelines (Prasanna
et al., 2021). The exceptionally high early-season VI–yield
correlations observed in NIL hybrids (r = 0.98–0.99) likely
reflect the strong phenotypic contrast between near-isogenic
resistant and susceptible classes and, therefore, may not be
directly reproducible in more genetically diverse breeding
populations.

Lower VI–yield correlations in the diverse G2F panel
(r = 0.11–0.28) likely reflect greater phenological and
architectural heterogeneity relative to the NIL germplasm.
Differences in flowering time (55–72 vs. 61–78 days to anthe-
sis) combined with fixed flight schedules (34, 82, and 126
DAP in 2018; 45 and 80 DAP in 2019) resulted in temporal
misalignment between spectral measurements and crop devel-
opmental stage, reducing predictive power. This is consistent
with prior work showing that canopy reflectance is highly sen-
sitive to growth stage and structural variation (Asner, 1998;
Hatfield et al., 2008; L. Li et al., 2014), underscoring the need
to align drone flight acquisitions with phenology in diverse
breeding populations.

The five selected VIs performed similarly for yield pre-
diction, in line with reports of functional redundancy among
common multispectral indices (Hunt et al., 2013), whereas
a few VIs were more informative for specific diseases
(Mahlein, 2016) and flight times, especially in the NIL
inbreds. VI–disease associations were highly dependent on
flight timing and disease progression stage, echoing prior
findings that each flight date captures physiologically unique

information (Mahlein, 2016; Washburn et al., 2024). Multi-
temporal averaging modestly improved VI–trait correlations
in the NILs. Overall, while VIs captured meaningful vari-
ation in disease severity and yield, their predictive reliabil-
ity depended strongly on germplasm composition and on
the temporal alignment of imaging with crop and disease
development.

5 CONCLUSION

This study demonstrates that drone-based multispectral phe-
notyping can provide scalable, objective, and temporally
responsive measurements that capture meaningful variation
in maize disease severity and yield under realistic breeding
conditions. Although the strength of VI–trait associations var-
ied across germplasm groups, years, and flight times, early- to
mid-season multispectral data proved particularly informative
in genetically uniform materials, enabling reliable predic-
tion of both single and MDR as well as yield. Importantly,
temporal VI data captured disease- and phenology-specific
canopy dynamics that are difficult to quantify consistently
through visual scoring, offering a path toward more objec-
tive selection in environments where multiple foliar diseases
co-occur. Together, these findings highlight the value of inte-
grating drone-derived temporal phenotypes with traditional
assessments to enhance the accuracy, throughput, and robust-
ness of selection for MDR and yield in maize breeding
programs.
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