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Highlights

What are the main findings?

• UAV remote sensing can be used throughout maize growth, from seedling emergence
to maturity, to assess stand establishment, canopy development, water and nutrient
status, pests and diseases, lodging, and yield variation.

• Routine field use of UAV remote sensing is still constrained by inconsistent data
acquisition, poor model transfer across sites and seasons, difficulty in separating
stresses with similar symptoms, and weak links between monitoring products and
machinery operations.

What are the implications of the main findings?

• UAV surveys should be designed around maize growth stage and the decision at hand,
rather than around the highest available resolution or the most complex sensor package.

• Further progress will depend on practical workflows that convert UAV observations
into field-ready prescriptions and use operation records, crop response, yield, and
economic outcomes to determine whether an intervention was effective.

Abstract

Unmanned aerial vehicle (UAV) remote sensing can reveal spatial variability in maize,
but its value depends on whether observations support timely and reliable management.
This structured critical review synthesizes UAV applications from stand establishment and
canopy development to water and nutrient assessment, stress monitoring, yield predic-
tion, and decision support. The evidence corpus comprised 82 sources, including 51 core
maize–UAV studies, evaluated by growth stage, validation strength, and operational end-
point. RGB, multispectral, hyperspectral, thermal, and three-dimensional methods provide
complementary information for plant counting, canopy traits, treatment-related water and
nitrogen responses, visible stress mapping, and within-experiment yield variation. Most
evidence, however, comes from experimental or site-specific settings. Independent testing
across sites, years, cultivars, and production environments remains uncommon, as do
physiological confirmation of interacting stresses and translation of diagnostic maps into
machinery-ready operations. UAV sensing should therefore be viewed as complementary
to satellite observations and field scouting, with its advantage determined by target, scale,
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timing, and decision requirements. Future research should prioritize phenology-aware
acquisition, independent field validation, uncertainty relative to management thresholds,
interoperable prescription and machinery data, and closed-loop evaluation of input use,
crop response, yield, and economic return. These steps are needed to move from high-
resolution mapping toward reproducible precision management in maize.

Keywords: maize; UAV remote sensing; growing season; precision agriculture;
multi-source data fusion; decision support

1. Introduction
Maize is a major source of food and feed, as well as an important raw material

for industry and biomass production, and it remains central to global food security and
livestock production [1]. Producers are increasingly expected to maintain yields while
using water, fertilizer, and pesticides more efficiently amid greater climate variability
and rising input costs. Field scouting provides direct observations, but limited coverage
and slow turnaround make it difficult to characterize within-field variation across large
production fields.

The information needed for management also changes with crop development. Emer-
gence, plant density, gaps, and spatial uniformity characterize stand establishment. From
jointing through tasseling and silking, canopy structure, leaf area, biomass, and crop water
and nitrogen status become more informative. During grain filling and maturation, stress
progression, lodging, senescence, and yield formation take precedence. Monitoring must
therefore be aligned with phenology and completed while corrective action is still possible.

Recent reviews cover UAV multispectral methods in precision agriculture [2], appli-
cations across gramineous crop stages and traits [3], maize crop protection [4], and the
broader sensing-to-intervention pipeline [5]. A maize-specific synthesis is still needed to re-
late evidence to phenology, distinguish experimental plots from production fields, separate
trait estimation and anomaly detection from causal diagnosis, and assess progression to
executable management and post-operation validation. A seasonal framework also reveals
when an accurate model has limited practical value because its output arrives too late,
operates at the wrong scale, or does not support a specific action.

UAV, satellite, and manual observations serve different purposes. UAV imagery
resolves plants, rows, lesions, and small management zones; satellites provide broader,
repeated coverage with less field deployment; and scouting supplies direct observations
needed to confirm many remotely detected anomalies. Few maize studies have compared
these approaches under the same conditions using common measures of accuracy, coverage,
labor, cost, usable observation windows, and decision turnaround. Their relative value
should therefore be judged for a defined target, field scale, resolution, and deadline rather
than through general claims of superiority.

UAV applications occupy distinct evidence levels. Trait estimation derives variables
such as plant count, height, LAI, SPAD proxy, temperature, or yield. Anomaly detection
locates departures from a reference canopy, whereas causal diagnosis attributes them to
a limiting process using physiological, environmental, management, and field evidence.
Prescription generation then specifies spatial units, rates, timing, and equipment constraints.
Intervention validation uses as-applied records, crop response, yield, inputs, and economics
to test execution and benefit. Evidence at one level does not establish the next.

Maize applications span the growing season. RGB imagery supports plant and leaf
detection [6,7]; RGB and multispectral data have been used to estimate leaf nitrogen and
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LAI [8–10]; and multispectral observations can map treatment-related water-status differ-
ences [11]. High-resolution imagery and learning methods delineate disease symptoms or
injury [12–14], while multi-temporal and multi-source features improve yield prediction
within experiments [15–17]. Coupling hyperspectral observations with radiative-transfer
simulations can strengthen physiological interpretation and extrapolation diagnostics [18],
although independent site-year evidence remains limited.

This review has three objectives: (a) synthesize how UAV observations support stand
assessment, canopy-trait retrieval, water and nutrient diagnosis, stress monitoring, yield
prediction, and field decisions across maize development; (b) critically compare sensors,
flight design, analytical methods, validation, uncertainty, and decision value; and (c) iden-
tify the requirements for transferable workflows linking UAV products to agronomic
thresholds, machinery execution, and feedback evaluation. Figure 1 presents this seasonal,
decision-oriented structure.

Figure 1. Phenology- and decision-level framework for UAV remote sensing in precision maize
production. Maize studies have demonstrated links from acquisition to plant/trait estimation,
treatment-related stress mapping, and within-experiment yield prediction. Links from anomaly maps
to independently confirmed causal diagnosis, machinery-ready prescriptions, executed operations,
and agronomic–economic feedback remain predominantly prospective.

This article was designed as a structured critical review, not as a systematic review
or meta-analysis. The search therefore sought a broad, representative evidence base for
comparison across maize growth stages, applications, validation levels, and operational
endpoints rather than an exhaustive bibliometric census. Web of Science Core Collection,
Scopus, and Google Scholar were searched through January 2026 using (“maize” OR
“corn” OR “Zea mays”) AND (“UAV” OR “UAS” OR “unmanned aerial vehicle” OR
“drone”) AND application terms covering establishment, traits, water, nitrogen, stress,
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yield, prescription, machinery, and decision support. Narrower combinations were used
where necessary, and reference lists of recent reviews [2–5] were searched backward.

Records were screened by title and abstract and then by full text. Duplicates were
identified by DOI or, when unavailable, by normalized title, first author, and year. Core
studies were peer-reviewed primary research on maize that used UAV/UAS observations or
directly supported a UAV-enabled application, defined an agronomic target, and reported
enough detail on sensing, field design, analysis, and validation. Studies without maize, a
UAV/UAS platform, a defined application, peer review, primary evidence, or adequate
maize-specific design and validation information were excluded from the core corpus.
Reviews, standards, radiometric-method papers, proximal or satellite studies, and non-
maize examples were retained only as adjacent methodological or operational benchmarks
and were not counted as maize–UAV performance evidence. Because the iterative search
was not prospectively logged as a systematic-review workflow, initial, deduplicated, and
screened record counts were not reconstructed retrospectively.

The final evidence corpus comprised 82 unique sources: 51 core primary maize–UAV
studies, 12 adjacent empirical or comparator studies, 18 reviews or background sources, and
one standard. This classification enabled this review to distinguish direct maize–UAV evidence
from contextual material while retaining methodological and operational comparators needed
for critical interpretation. The study-level characteristics and evidence appraisal of all 51 core
primary maize–UAV studies are summarized in Supplementary Table S1.

Core studies were coded by application, crop stage, field context, sensor and scale,
independent experimental unit, validation split, independent site/year/cultivar evidence,
uncertainty, and furthest operational endpoint. A production field was recorded only when
the maize site was explicitly described as on-farm, commercial, or operational production.
Evidence was considered stronger with independent fields or site-years and, where relevant,
management outcomes; moderate with multiple treatments and held-out testing within
one program; and limited with record-level random splits or image-only metrics. Counts
refer only to explicit reporting in the cited papers, not to all maize–UAV research.

2. UAV Remote Sensing Data Acquisition and Processing
Reliable UAV applications begin with the intended decision and the data quality

needed to support it. Scouting, loss prevention, and operation planning differ in resolution,
calibration, turnaround, and cost [19–21]. Because low-altitude maize imagery is sensitive
to height, overlap, illumination, wind, attitude, and mosaicking, mission design should
work backward from the agronomic output and document acquisition and quality control
consistently [22].

2.1. UAV Platforms and Sensor Types

Platforms are compared here by target size and GSD, field coverage, revisit and
turnaround, required radiometric or geometric accuracy, and total operating burden. Multi-
rotor UAVs suit plant-level detection, breeding plots, and local stress surveys; fixed-wing
or hybrid systems better cover large contiguous areas but need launch and recovery space
and usually operate at coarser GSD. Comparisons should use the same field scale and
product-quality requirement, not nominal endurance alone [20,23].

Sensor choice follows the same logic. RGB cameras economically resolve plants, rows,
gaps, and visible injury; multispectral sensors add red-edge and near-infrared information
for growth, nitrogen, and LAI [8,10]; hyperspectral and thermal systems provide richer
physiological signals at higher calibration and processing cost [18,24]; and photogrammetric
DSMs describe structure [25]. Added sensors are justified when independent gains at
the target threshold outweigh acquisition, processing, and missing-data burdens. Most
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reported gains were within experiments, with little evidence of better external transfer or
net operational value.

Figure 2 summarizes the main sensor types and their typical maize applications.

Figure 2. Sensor-to-decision trade-offs for UAV maize monitoring. Each modality is linked to the
primary observable, representative agronomic outputs, and characteristic operating scale; the panels
emphasize complementarity rather than a performance ranking (organized from Refs. [6,8,25–27]).
Reused panels: licensed under CC BY 4.0; cropped and reformatted.

Multi-rotor endurance can limit production-field coverage. Payload, wind, speed,
overlap, and reserve requirements reduce usable battery time, while landing, battery ex-
change, charging, and movement between launch points add downtime. Large-field studies
should report usable hectares per battery, reserve policy, batteries and charging capacity,
launch access, and expected downtime. If low-altitude coverage cannot be completed
within a stable illumination window, fixed-wing coverage, targeted multi-rotor flights, or
satellite–UAV tasking may be more appropriate. These platform-level constraints should be
considered together with sensor characteristics, because acquisition scale, payload, spatial
resolution, and operational flexibility jointly determine the suitability of a UAV sensing
configuration for a given maize phenotyping task. Table 1 summarizes the principal sen-
sor/platform options, their compatible operating scales, and key acquisition trade-offs in
maize–UAV applications.
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Table 1. Sensor types, compatible operating scales, and principal acquisition trade-offs in maize–
UAV applications.

Modality/Platform Primary Information Typical Operating Scale Best-Suited Maize
Applications Main Limitation or Trade-off

RGB; usually
multi-rotor

Color, morphology,
texture, individual plants

Sub-centimeter to a few
centimeters; plots to small

fields

Counting, gaps, rows,
weeds, lodging, tassels

Low cost and high detail, but
sensitive to illumination,
shadow, soil background,

and occlusion

Multispectral Visible, red-edge, and NIR
reflectance

Centimeter scale; plots to
production fields

LAI, chlorophyll/N status,
water stress, vigor, yield

Operationally practical but
affected by calibration, canopy

closure, phenology, and
biochemical–structural

confounding

Hyperspectral Contiguous narrow-band
spectra

Plot to targeted field
surveys

SPAD, N, water and
disease signatures

High diagnostic content but
heavier calibration, data volume,

payload burden, and
spatial-resolution–SNR coupling

Thermal infrared Canopy temperature and
spatial anomalies Plot to field stress zones

Water stress, heat
response, selected

pest/disease symptoms

Highly sensitive to time of day,
wind, humidity, soil exposure,

emissivity, and calibration

Photogrammetric
DSM/LiDAR

Height, volume, surface
roughness, 3-D structure Plots to fields

Plant height, biomass,
lodging, structural

development

Requires reliable ground
reference, overlap/geometry

control, and sufficient
canopy texture

Fixed-wing or
hybrid VTOL

Any compatible payload
with greater coverage

Large fields and
reconnaissance

Broad-area repeat
mapping and target

prioritization

Greater coverage and endurance,
but less hovering flexibility,

larger launch/recovery needs,
and often coarser practical GSD

2.2. Data Acquisition and Flight-Parameter Design

Acquisition should follow canopy development. Seedling detection requires low
altitude and fine resolution because plants are small and soil is exposed. From jointing
through silking, rapid vertical growth and canopy closure demand adequate overlap for
reconstruction. During grain filling and maturity, consistent multi-temporal acquisition
and accurate anomaly mapping become more important as senescence, lodging risk, and
canopy complexity increase.

Flight design balances target visibility, coverage, and temporal comparability. Low alti-
tude favors seedlings, lesions, and weeds but reduces coverage and increases data volume.
Quantitative multi-date spectral comparison requires stable illumination, reflectance panels
or downwelling sensors, accurate registration, and consistent camera settings [24,28–30].
UAS guidance treats mission parameters, calibration, sampling, and processing as one
measurement chain [22]; for seasonal monitoring, consistency among flights is usually
more valuable than maximum resolution on one date.

For hyperspectral imaging, height, speed, and integration time must be selected
together. Lower altitude improves spatial separation but reduces photons per pixel and
can lower SNR; higher altitude improves coverage and sometimes radiometric stability
but increases mixed pixels. Longer integration may improve SNR yet increase blur or
saturation. Studies should report GSD, speed, integration time, illumination, overlap,
spectral SNR or panel repeatability, and the smallest relevant target, and then verify both
spectral quality and spatial separability.

Maize-specific flight thresholds are task-dependent. For V2-V5 counting, a spatial-
resolution study was trained near 0.32 cm GSD and validated at about 0.30 and 0.60 cm;
mismatched native 0.60 cm imagery produced rRMSE = 0.48 [31]. Another experiment
found useful trait-retrieval accuracy near 80–100 m and marked deterioration at 200 m [32].
General guidance stresses overlap, geometry, and radiometric quality [22,24,28–30] but does
not establish universal maize thresholds. As author-defined starting points, we propose
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0.3–0.6 cm GSD with at least 80% forward and 70% side overlap for V2-V5 counting; 1–5 cm
with 75–85% forward and 65–80% side overlap for canopy traits; and 2–10 cm for zone-
level stress and yield mapping. Lesion or weed detection may need sub-centimeter pixels.
These ranges require local validation for each aircraft–sensor–task combination and are not
consensus standards.

2.3. Image Preprocessing and Feature Extraction

UAV imagery typically undergoes quality screening, distortion and radiometric cor-
rection, aerial triangulation, orthomosaic generation, georeferencing, and plot or field
extraction. RGB applications depend on sharpness, registration, and plant boundaries;
multispectral and hyperspectral workflows also require careful radiometric correction
and band registration because illumination or sensor differences propagate into indices
and models.

Feature extraction connects imagery with agronomic indicators. Common features
include spectral reflectance, vegetation indices, color indices, texture, canopy cover, plant
height, canopy height models, and temporal-change metrics. Seedling-stage studies often
use RGB color features, plant edges, object-detection boxes, and row-centerline information
to detect individual plants, count seedlings, and evaluate planting uniformity [6]. Dur-
ing vegetative growth and grain filling, red-edge and near-infrared bands are useful for
chlorophyll, nitrogen, and LAI retrieval [8,10,18]. Digital surface models reconstructed
from overlapping RGB images provide three-dimensional information for plant-height and
canopy-structure retrieval [25].

Errors accumulate across this chain. Illumination biases reflectance; band misreg-
istration alters edge pixels; attitude and lens errors affect geometry; uncertain terrain
models shift canopy height; and boundary, registration, label, or laboratory errors constrain
calibration. Products should report the principal acquisition, calibration, georeferencing,
extraction, reference, model, and extrapolation uncertainties. Repeated panels or flights,
checkpoints, bootstrap or ensemble predictions, perturbation tests, and sensitivity analysis
can estimate their effect when analytical propagation is impractical.

2.4. Modeling Methods and Multi-Source Data Fusion

Empirical regression, machine learning, deep learning, and mechanism-guided models
serve different purposes rather than a simple performance hierarchy. Empirical models are
transparent but often local; machine learning captures nonlinear relations but can overfit
small field datasets; and deep learning is effective for detection and segmentation but
requires annotation and may offer limited agronomic explanation [6,8,10,15]. For transfer
across stages or environments, crop-development or radiative-transfer constraints can
reduce reliance on purely empirical relations [21].

Fusion is useful when inputs represent complementary processes. Spectral, thermal,
structural, temporal, soil, weather, and management data can jointly describe crop status:
high-frequency observations identify yield-sensitive windows [15], multi-source features
improve within-experiment yield representation [16,17], and radiative-transfer coupling
aids physiological interpretation [18]. Yet, better internal accuracy does not establish
external robustness. Maize studies often report gains from added features within the same
calibration domain [13,16,33,34], while Bevers et al. found that thermal and height data
reduced external-year SCMV performance [35]. Broader use therefore requires gains over
a simpler baseline under held-out fields, years, sites, or cultivars, together with ablation,
missing-sensor, synchronization, and workload assessment.

Interpretability requires traceable inputs, response direction, spatial and phenological
domain, uncertainty, and decision consequence. Transparent models show these links
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directly; complex models need explanations that remain stable across folds, years, and
sites, supported by spatial errors, sensitivity tests, and agronomic plausibility. A model
may explain spectral drivers yet remain operationally opaque if it cannot show why a
zone crosses a management threshold.Accordingly, the choice of analytical method should
balance predictive performance with interpretability, robustness, data requirements, and
validation rigor; Table 2 summarizes the main approaches used in maize–UAV remote
sensing and their practical strengths, limitations, and validation priorities.

Table 2. Common data-analysis approaches for maize–UAV remote sensing and their practical
strengths and limitations.

Approach Strengths Limitations Appropriate Use/Validation Emphasis

Vegetation index or empirical
regression

Transparent, fast, low sample
demand, easy field

implementation

Saturation, confounding, and
poor transfer when phenology or

background changes

Mechanistically plausible single-trait
relations; report calibration range and

external conditions

PLSR/regularized linear
models

Handles collinearity and many
spectral bands; coefficients

remain inspectable

Mostly linear; component choice
and preprocessing can leak

information

Hyperspectral trait retrieval with nested
preprocessing and component selection

Random forest/gradient
boosting

Captures nonlinear interactions;
strong with mixed features and

moderate samples

Can overfit spatially redundant
data; extrapolation and

probability calibration are weak

Plot- or field-level prediction with
blocked, site/year-held-out validation

Support vector machine Effective in high-dimensional,
small-to-medium datasets

Sensitive to kernel choice and
tuning; limited direct

interpretation and scaling

Classification or regression when
independent tuning and feature scaling

are enforced

CNN/object
detection/segmentation

Learns spatial features and
supports plant-, lesion-, weed-,

or tassel-level outputs

Annotation-intensive; vulnerable
to domain shift, class imbalance,

and image-tile leakage

Spatially separated fields/sites; report
class-wise precision, recall, F1/IoU and

error maps

Multi-source or temporal
fusion

Combines complementary
spectral, structural, thermal,

and temporal evidence

Dimensionality, synchronization,
missing data, and spurious

correlation increase

Ablation tests, aligned
timestamps/scales, and validation

under missing-sensor scenarios

Radiative-transfer/hybrid
physics–ML

Adds physical constraints and
improves extrapolation

diagnostics

Parameter equifinality,
computational burden, and
structural-model mismatch

Trait retrieval across broader conditions
with uncertainty and sensitivity analysis

2.5. Evidence Appraisal and Validation Design

Sample size should be counted at the level of independent plots, fields, or flights, not
pixels, tiles, augmented images, or repeated observations. Spatially and temporally correlated
records placed in both training and testing sets can yield optimistic performance estimates.

Validation is stronger as test data become more independent of model development:
spatially blocked or leave-block-out folds exceed random record splits, while held-out
fields, sites, years, or cultivars provide stronger transfer evidence. Preprocessing, feature
selection, augmentation, and tuning should remain within training folds. Appraisal should
emphasize independent fields, years, sites, cultivars, treatments, and reference units rather
than image-record counts.

The 51-study core corpus is concentrated in experiments. Primary sensing comprised
21 RGB/RGB-photogrammetry studies (41.2%), 19 multispectral (37.3%), four hyperspectral
(7.8%), and seven multimodal or multi-source studies (13.7%). Under the conservative
field-context rule, one study (2.0%) explicitly used an on-farm maize setting [36]; 50 (98.0%)
were experimental or insufficiently documented to verify production use. The mixed-crop
study [37] was not counted because its maize site was experimental. Only two studies
(3.9%) reported independent-site or independent-year testing [31,35]; 49 (96.1%) did not.
Multi-year treatment studies [38,39] add temporal evidence but are not broad geographic
transfer tests. These proportions characterize this corpus, not all maize–UAV research.

Accuracy must be interpreted against decision-relevant uncertainty. R2 and RMSE
alone do not show whether an output is reliable enough for action: R2 depends on reference
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range, and RMSE is useful only in physical units and relative to a management threshold.
Bias, MAE, intervals, spatial residuals, class-specific errors, and calibration add needed
context. Practical sufficiency is shown when plausible measurement and model errors do
not change the resulting management decision.

3. Fine-Scale Monitoring of Seedling Establishment and Stand Structure
Stand establishment shapes later crop development and yield through sowing quality,

seed vigor, soil conditions, pests, weeds, and machinery performance. Manual surveys
are direct but spatially limited; centimeter-resolution UAV imagery enables repeatable
plant-level detection and diagnosis before canopy closure.

Figure 3 organizes the seedling-stage workflow from UAV RGB image acquisition and
individual-plant detection to gap and spacing diagnosis, Voronoi-based spatial analysis,
and condition mapping.

Figure 3. Evidence chain for maize seedling establishment: image acquisition and plant detection
are converted into georeferenced counts, gaps, spacing, Voronoi occupancy, condition maps, and
field-check or replanting priorities (organized from Refs. [40–42]). Reused panels: licensed under CC
BY 4.0; cropped and reformatted.

Establishment quality is expressed through emergence, plant density, missing or
duplicated plants, row continuity, spacing variation, and canopy cover. Because maize
seedlings are small, bare soil remains visible, and rows are distinct, this stage is particularly
suitable for individual-plant recognition and row-based spatial analysis. Performance,
however, is sensitive to image resolution, illumination, soil background, weed interference,
and the onset of leaf overlap.
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3.1. Maize Plant Detection and Plant Counting

Seedling methods remain context-dependent. Color indices, thresholding, morphol-
ogy, and connected components are efficient for separated plants under stable illumination
and low weed pressure. Learned detectors better accommodate variable soil, leaves, and
lighting but depend on diverse annotations and suitable GSD. Reviews and maize compar-
isons show that handcrafted and learned methods remain useful when matched to field
complexity [23,43,44].

The required output matters more than leaderboard accuracy. Detectors such as Faster
R-CNN and YOLO variants locate and count separated seedlings [6,31], while row- or
neighborhood-aware models better support spacing diagnosis. Models leading in total
count may not lead in spacing accuracy [42]; so, evaluation should include omissions, local-
ization, and derived spacing stability. For leaf phenotyping, Mask R-CNN and YOLOv5
detected unfolded and newly emerged leaves, with lower accuracy for small, occluded
organs [7].

Field context remains a major source of error. Detection performance varies with
soil color, illumination, planting density, phenology, weed pressure, and the diversity
of the annotated dataset. Because seedlings occupy few pixels, flight height and GSD
strongly affect localization and omission, while leaf overlap, weeds, and shadows introduce
additional confusion as the canopy develops.

Seedling performance depends on stage, GSD, image quality, and domain match. At
V3-V5, Velumani et al. obtained rRMSE = 0.08 at an independent site with matched high-
resolution imagery, but 0.48 with mismatched native imagery near 0.60 cm GSD [31]; by
V6, overlap obscures plant centers [40]. Studies address weeds, soil, and shadows through
color or morphology, row priors, labeled backgrounds, augmentation, learned detectors,
and controlled acquisition [31,40–47]. Evaluation should also cover residue, curved rows,
headlands, irregular geometry, and variable illumination using omission, commission,
count, localization, gap, and spacing errors.

3.2. Emergence Rate, Missing Plants, Broken Rows, and Replanting Decisions

UAV imagery can record individual plant positions at field scale and, when combined with
theoretical spacing, row spacing, and seeding density, can estimate missing-plant rate, duplicate-
plant rate, and emergence uniformity. This spatially explicit information is more useful than
plot-level emergence estimates for replanting, gap filling, and localized management.

Plant detection and stand diagnosis are different tasks. Counts estimate emergence
and broad uniformity [45] but can hide clustered gaps or duplicates. Voronoi or within-
row analysis converts coordinates into occupied area, missing-plant, and duplication
indicators [41], which better support replanting or planter adjustment.

Reliable diagnosis also depends on row and field geometry. Estimating row direction
and centerlines before computing gaps, duplicates, and spacing anomalies reduces errors
near headlands, curved rows, and field edges. Expected spacing is informative when
planter settings are known, whereas neighbor-based spacing is more appropriate when
actual row geometry varies. These spatial descriptors can support planter calibration,
cultivar evaluation, and post-disaster stand assessment.

A mapped gap does not alone justify replanting. Decisions also depend on achieved
versus target stand, gap clustering, emergence delay, remaining season, affected area,
expected yield recovery, and re-entry cost. These factors vary by hybrid, density, sowing
date, soil, and region; so, thresholds must be defined and tested locally. Current evidence
supports stand-quality mapping more strongly than automated reseeding.
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3.3. Row-Structure Extraction and Plant-Spacing Uniformity Analysis

Because maize is usually planted in regular rows, row structure is clear at the seedling
stage and provides a useful constraint for image analysis. Crop rows can reduce false plant
detections caused by weeds and noise. Their centerlines, combined with plant positions,
also allow row spacing, plant spacing, broken-row length, and spacing variation to be
calculated for sowing-quality assessment and field-operation navigation.

Rows can be measured after plant detection or used as a prior. Geometric descriptors
with deep networks recover early rows [46], while joint CNNs estimate rows and plants
together [47]. Joint estimation reduces inconsistency but needs representative training data.
Row priors are strongest in regular planting and weaker at curved rows, headlands, severe
gaps, or lodged canopies.

Plant-spacing uniformity provides a direct measure of sowing quality. Wang et al. used
UAV imagery and deep learning for plot-level counting and spacing-variation detection,
demonstrating that plant coordinates can be converted automatically into spacing fea-
tures [42]. Because spacing affects resource capture, canopy closure, interplant competition,
and the spatial distribution of yield, seedling assessment needs to identify within-row gaps,
duplicates, and unusually large or small intervals rather than report plant number alone.

3.4. Seedling Canopy Cover and Early Growth Assessment

Canopy cover and seedling vigor complement plant-count information because they
reflect leaf expansion, stand establishment, and early growth differences. These indicators
are useful for cultivar comparison, sowing-date and water–fertilizer experiments, stress
evaluation, and early assessment of yield potential.

Gao et al. developed an automated method for monitoring maize seedlings in UAV
RGB imagery. A seedling-center detection index, morphological processing, and dual
thresholds were used to derive plant number, emergence, canopy cover, and vigor uni-
formity at the three- and six-leaf stages [40]. Once leaves begin to overlap, stand-level
measures such as canopy area, color, texture, and inter-row cover may become more stable
than plant-by-plant segmentation.

Visible-light indices separate vegetation from soil, but performance depends on stage
and environment. Gao et al. found weak color cues at V3, ambiguous segmentation after
V6 leaf overlap, and better results from a maize-specific seedling-center index than several
generic indices [40]. ExG, ExGR, VARI, NGRDI, and GLI are most useful before closure
under stable illumination. Shadows, residue, soil color, weeds, overlap, senescence, and
GSD shifts require flight- or site-specific thresholds, normalization, spatial features, or
learned models.

Georeferenced plants, row segments, gaps, and stand-quality zones also establish a
baseline for later height, LAI, and biomass trajectories. This linkage helps separate weak
establishment from deterioration after canopy closure.

For management use, canopy-cover and vigor products should be judged by the
stability of the derived stand-quality zones and their relevance to subsequent field decisions,
rather than by image-level accuracy alone. Table 3 summarizes representative UAV-based
maize seedling and stand assessment studies, highlighting their reported performance,
validation strength, and implications for field-level decision making.
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Table 3. Representative performance evidence for UAV-based maize seedling and stand assessment.
Validation strength is evaluated from the information reported in the cited studies.

Study/Task Data Scale or Design Reported Performance Validation Evidence Decision-Oriented Interpretation

Ren et al. [41];
missing/duplicate

seedlings

UAV RGB; plant positions
and Voronoi diagnosis

Missing-seedling rate R2 =
0.773; repeated-seedling

rate R2 = 0.940

Within-study plot
validation; no

independent year/site
reported

Useful spatial diagnosis, but
transfer of thresholds and

intervention-area error remain
uncertain

Wang et al. [42];
counting

and spacing

UAV RGB; YOLO variants
and spacing-variation

analysis

Counting R2 = 0.936 for
YOLOv5; spacing

detection F1 = 0.896 for
YOLOX

Primarily within-dataset
evaluation

Strong task metrics do not alone
establish field-to-field robustness

or replanting accuracy

Velumani et al. [31];
plant counting

Six training sites and two
independent validation

sites; native GSD
about 0.32 cm

Good transfer when image
resolution was

comparable; performance
degraded when training
and testing GSD differed

Independent-site design
is stronger and

demonstrates that
flight-scale mismatch is
a central failure mode

Independent-site evidence
supports early-stage counting only
when acquisition quality and GSD

match the training domain;
operational replanting thresholds

and production-field decisions
were not evaluated

4. Maize Growth Monitoring and Canopy-Parameter Retrieval
After jointing, the analysis shifts from individual plants to canopy traits: height, LAI,

cover, chlorophyll, and biomass. These variables describe development and inform later
assessment of water, nutrients, stress, lodging, and yield.

4.1. Growth-Monitoring Indicators and Remote Sensing Representation

Growth monitoring combines morphological, physiological, and productivity-related
indicators. Plant height, canopy cover, LAI, and canopy height models characterize stand
structure and canopy development; SPAD, chlorophyll, leaf water content, and nitrogen-
related indicators reflect physiological status; and aboveground biomass and dry-matter
accumulation describe productive growth. UAV multispectral observations have been used
to jointly assess multiple crop traits, including plant height, SPAD, LAI, soil moisture, leaf
water content, and biomass [32]. Other studies have combined plant height, SPAD, and LAI
to provide an integrated assessment of maize growth status [48]. Together, these studies
illustrate the value of combining complementary indicators rather than relying on a single
vegetation index.

Different indicators require different data representations. Structural traits depend
primarily on photogrammetry, DSMs, or LiDAR; LAI, biomass, SPAD/chlorophyll proxies,
and nitrogen-related traits use spectral, texture, and learned features; and canopy cover is
commonly derived through segmentation. Spectral, structural, and temporal information can
be combined when they represent complementary aspects of crop development [16,33,49,50],
with their relative contribution varying across traits and growth stages.

Figure 4 links these indicator groups within a common pathway from UAV data
acquisition to growth-state interpretation. Structural information supports plant-height
and canopy-development assessment, spectral and texture features contribute to LAI,
biomass, and physiological-trait retrieval, and multi-temporal observations provide the
phenological context needed for the methods discussed in Sections 4.2–4.6.
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Figure 4. Scale- and phenology-aware retrieval of maize canopy traits. Structural, spectral–textural,
hyperspectral, and temporal observations support plant height, LAI, biomass, SPAD, and growth-
state interpretation, while flight altitude and observation window constrain model validity (organized
from Refs. [15,25,26,32,33,36]). Reused panels: licensed under CC BY 4.0; cropped and reformatted.

4.2. Plant Height and Three-Dimensional Canopy Structure Retrieval

Manual ruler measurements provide direct plant-height references but are labor-
intensive and spatially sparse, making it difficult to characterize within-field variability
at high sampling density. Overlapping UAV imagery can instead be reconstructed into
a digital surface model (DSM), from which a canopy-height model (CHM) is obtained
by subtracting an appropriate ground elevation model. This approach enables spatially
continuous estimation of maize canopy height and supports repeated assessment across
plots or field areas.

Photogrammetric DSMs provide fine structural detail for plots and local field as-
sessment [25], whereas satellite data can extend spatial or temporal coverage [51]. Their
value depends on the task. Few maize studies compare UAV height, satellite estimates,
and manual measurements under identical conditions using common measures of accu-
racy, labor, cost, coverage, and turnaround; claims of superiority should therefore remain
application-specific.

Height uncertainty arises from terrain models, DSM interpolation, canopy-percentile
choice, tassels, wind, occlusion, weak texture, and inconsistent manual references. Oehme
et al. showed that agreement varied with stage and reference definition [25]. Validation
should report the reference definition, terrain or checkpoint error, CHM rule, tassel treatment,
wind, overlap, control configuration, missing surfaces, matching tolerance, and stage-specific
bias or MAE, with emphasis on whether uncertainty changes the intended interpretation.

4.3. Leaf Area Index and Canopy Cover Estimation

Destructive sampling, canopy analyzers, and handheld instruments provide LAI
reference measurements but do not support frequent field-scale surveys. UAV imagery
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extends LAI and canopy-cover assessment spatially by combining canopy spectral response
with high-resolution structural information.

LAI sensor needs change with canopy development. RGB plus machine learning
can work before structural complexity increases [9]; multispectral texture adds sensitivity
after jointing as spectral indices begin to saturate [33]. Neither is stage-independent, and
post-closure LAI is better interpreted with height, red-edge response, and phenology.

Canopy cover represents the proportion of ground area occupied by crop canopy and is
easier to obtain than LAI from RGB segmentation, vegetation-index thresholds, or semantic
segmentation. It is particularly useful from emergence to jointing, when the canopy is
not fully closed and leaf expansion reflects stand establishment. After canopy closure,
canopy cover saturates and loses sensitivity to growth differences; later-stage assessment
should combine it with LAI, plant height, red-edge indices, texture, and three-dimensional
structural information.

4.4. Aboveground Biomass and Dry Matter Accumulation Estimation

Aboveground biomass is conventionally measured by destructive sampling, drying,
and weighing, which limits sampling frequency and spatial coverage. UAV-based ap-
proaches instead relate biomass to canopy spectra, height, cover, texture, and temporal
change to provide rapid, nondestructive estimates.

Biomass models increasingly combine structure and time. Height with canopy cover
represents vertical and horizontal growth and can reduce spectral saturation [49], while time-
series multispectral features describe accumulation trajectories [50]. Their value depends on
reliable height, consistent acquisition, ground calibration, and stage-aware modeling.

4.5. SPAD, Chlorophyll, and Canopy-Physiological-Status Monitoring

SPAD readings are optical proxies for leaf chlorophyll status, whereas laboratory
chlorophyll measurements quantify pigment content; both are associated with nitrogen
supply, senescence, and physiological stress. Because chlorophyll affects reflectance in the
red, red-edge, and near-infrared regions, UAV multispectral and hyperspectral imagery is
widely used to estimate SPAD values or chlorophyll-related traits in maize.

Multispectral and hyperspectral approaches address different sensing needs. Multispec-
tral red-edge indices provide relatively low-cost mapping of chlorophyll variation, although
their relationships vary with viewing scale, irrigation, canopy structure, and phenology [52,53].
Hyperspectral imagery resolves narrower chlorophyll-sensitive regions and can improve physi-
ological retrieval [26], but requires more demanding calibration, band selection, and processing.
Multispectral systems are therefore well suited to routine within-field monitoring, whereas
hyperspectral sensing is more useful when finer spectral discrimination is required.

UAV-derived LAI, biomass, SPAD, and chlorophyll are indirect canopy estimates.
Leaf rank, canopy layer, timing, footprint, LAI, leaf angle, soil fraction, illumination, and
senescence all affect scaling. Before closure, cover and green indices respond strongly
to expansion; near closure, NDVI-type indices saturate; after tasseling, upper-canopy
reflectance may diverge from whole-plant status [26,52,53].

This vertical mismatch is important because nadir imagery mainly samples upper
leaves, which differ from lower leaves in exposure, age, nitrogen allocation, and senescence.
Leaf-position references, vertical-structure models, multi-angle data, and careful band
selection can reduce the mismatch.

Oblique imagery and LiDAR can add layer-aware structure, although overlap,
anisotropic illumination, wind, and flight time limit completeness. LiDAR samples multi-
ple canopy depths, and hyperspectral LiDAR co-registers structure and spectra. Bi et al.
reported partial least-squares R2 values above 0.60 for leaf- and plant-level maize nitrogen
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from hyperspectral-LiDAR point clouds [54]. Combining such geometry with spectral or
thermal data and layer-specific ground truth is promising [24,25,54,55].

4.6. Multi-Temporal Growth Dynamics and Phenological Differences

The most informative remote sensing indicators and modeling windows change as
maize develops. Seedling and early jointing assessments rely more heavily on plant number,
canopy cover, and RGB features. From jointing through tasseling and silking, rapid changes
in plant height, LAI, biomass, and red-edge indices provide the main window for canopy-
trait retrieval. During grain filling and senescence, structural and spectral responses
increasingly reflect late-season physiology; so, interpretation must remain stage specific.

Yang et al. showed that observation timing substantially affects within-program yield-
prediction performance [15], while Li et al. combined UAV hyperspectral observations with
radiative-transfer simulation across fields, treatments, and growth stages [18]. Together,
these studies support phenology-aware modeling and the use of temporal context to
interpret changing canopy responses.

Multi-date comparability is as important as frequency. Illumination, view geometry,
exposure, sensor temperature, panel drift, atmosphere, wind, height, mosaicking, and reg-
istration can mimic crop change. Stable windows, radiometric normalization, checkpointed
co-registration, common masks, and stable-target checks help separate biological from
technical variation; repeated observations should be analyzed as longitudinal data.

The appropriate sensing combination likewise changes with trait and growth stage.
RGB imagery supports canopy-cover and visible-structure assessment [36], multispectral
and hyperspectral observations contribute physiological information [18,33], and pho-
togrammetric DSMs provide plant-height information [25]. These products describe differ-
ent components of crop development and are most informative when interpreted together
with the establishment baseline, phenology, weather, and field operations. Canopy-trait re-
trieval therefore forms an intermediate layer between imagery and management diagnosis
rather than providing a direct diagnosis by itself.

Representative quantitative results for plant height, LAI, SPAD, and altitude-
dependent canopy-trait retrieval are summarized in Table 4. Together, these examples
illustrate that reported performance depends not only on the target trait and sensing
modality, but also on growth stage, measurement definition, and acquisition scale.

Table 4. Representative quantitative results for maize canopy-trait retrieval and their validation limitations.

Study/Trait Sensor and Scale Reported Performance Validation Context Critical Interpretation

Oehme et al. [25];
plant height

RGB photogrammetry; 400
genotypes

Straightened-leaf
reference: R2 = 0.64, 0.61,

and 0.56; RMSE = 0.06,
0.07, and 0.13 m at 39, 47,

and 68 DASs

Multi-genotype field
experiment; reference-
definition-dependent

Moderate R2 can still support
ranking, but absolute height

error and measurement
definition must match the

breeding or management use

Sun et al. [33]; LAI UAV multispectral
spectral-texture fusion

SVM with vegetation
indices + texture:

validation R2 = 0.813,
RMSE = 0.297,
RPD = 2.084

Within-experiment
validation

Fusion improved accuracy, but
independent-year/site

robustness was not established

Sudu et al. [26];
SPAD

UAV hyperspectral
imagery

Validation R2: PLSR 0.81,
RF 0.42, XGBoost 0.65,

DNN 0.82

Growth-stage field
measurements; model

comparison in the same
experiment

Similar best R2 values do not
resolve transferability or

whether SPAD error changes
nitrogen decisions

Li et al. [32];
LAI/SPAD/LWC

versus altitude

Multi-altitude UAV
multispectral observations

At 80–100 m: RMSE = 0.05
for LAI, 10.37 for SPAD,
and 0.67 for LWC; at 200
m the lowest R2 was 0.23

Same experimental setting
across altitudes

Direct evidence that coverage
gains can sacrifice small-scale
information and trait accuracy
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5. Water- and Nutrient-Status Assessment and Precision Regulation
Water and nutrient supply influence maize establishment, dry-matter accumulation,

ear formation, grain filling, and yield stability, with sensitivity varying across growth stages.
Early deficiencies can impair root development and stand uniformity; stress from joint-
ing through tasseling may restrict leaf expansion, photosynthesis, and ear differentiation;
and imbalances during grain filling can accelerate senescence. Water and nutrient assess-
ment should therefore be interpreted in relation to crop phenology and the stage-specific
processes of yield formation.

Soil sampling, plant analysis, chlorophyll meters, moisture sensors, and expert assess-
ment provide localized observations but incompletely represent within-field variability.
UAV remote sensing adds spatially continuous spectral, structural, thermal, and growth
information for nitrogen-status estimation, water-stress monitoring, water–nitrogen treat-
ment assessment, and potential site-specific management.

5.1. Agronomic Logic and Remote Sensing Requirements for Water and Nutrient Regulation

Maize water and nutrient management requires coordination among water supply,
nitrogen uptake, dry-matter accumulation, and grain formation. Adequate water supports
nitrogen uptake and translocation, while nitrogen management can influence crop water-
use efficiency. Yang et al. examined nitrogen accumulation, allocation, and translocation
under contrasting water and nitrogen regimes and showed that appropriate water–nitrogen
combinations promoted plant N accumulation and its transfer to grain [56]. These interac-
tions indicate that water and nutrient responses should be interpreted jointly rather than
through a single canopy indicator.

Remote sensing locates and measures crop departures, but attribution to water, ni-
trogen, disease, or soil constraints needs contextual evidence. Spectral data represent
greenness and red-edge response, thermal imagery reflects canopy temperature, and RGB
or 3D features describe structure. Because different constraints produce similar signals,
interpretation should incorporate phenology, soil, irrigation and fertilization history, and
field measurements.

Management configuration can also influence both crop response and the observed
UAV signal. In a two-year comparison of film-mulched shallow-buried drip and film-
mulched drip irrigation, Zhu et al. [38] found that water-stress model performance varied
with irrigation method, indicating that relationships developed under one management
configuration may not transfer directly to another. More generally, field infrastructure and
management operations can introduce spatial patterns that confound crop signals and
should therefore be recorded as contextual covariates when interpreting UAV-based water
and nutrient assessments.

5.2. Nitrogen-Status Retrieval

Leaf nitrogen is usually measured through destructive field sampling and laboratory
analysis, which limits the speed and spatial density of nitrogen-status assessment. UAV
methods estimate leaf or canopy nitrogen status from reflectance, vegetation indices, texture,
and structural traits, providing a basis for spatially differentiated fertilization.

Nitrogen-retrieval methods trade information against complexity. Multispectral in-
dices are accessible but confound nitrogen with biomass and cover; hyperspectral data
add narrow-band sensitivity [57]; multisensor fusion combines RGB structure with spectral
response [34]; and aerial-ground fusion adds proximal detail [58]. Added complexity re-
quires tighter registration, synchronization, and calibration. Routine zoning may need only
multispectral data, whereas richer systems are justified when they demonstrably separate
nitrogen from water or structural effects [21].
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Maize nitrogen retrieval commonly relies on red-edge and near-infrared information
because indices such as NDRE, CIred-edge, and MTCI can remain responsive after NDVI
begins to saturate. These signals are not nitrogen-specific: biomass, LAI, leaf angle, water
status, soil fraction, cultivar, illumination, and phenology can alter the same spectral
response. Nitrogen interpretation should therefore be conditioned on growth stage and
canopy structure, supported by water and biomass information where available, and
compared with measured leaf or canopy N. Treatment contrasts demonstrate sensitivity to
nitrogen variation, but should not be interpreted as universal fertilizer thresholds.

5.3. Water-Stress Monitoring and Irrigation-Relevant Assessment

Water deficit is particularly damaging from jointing through grain filling, when it
affects leaf expansion, stomatal conductance, photosynthesis, and kernel development.
Point soil-moisture sensors characterize local conditions but not field-scale variation. UAV
spectra, canopy temperature, leaf-water indices, and growth trajectories extend water-status
assessment spatially and can identify zones that warrant further irrigation assessment or
field verification.

Water-stress methods differ in process sensitivity and timing. Multispectral indices
separate irrigation treatments under controlled conditions [38] but may respond after
physiology has changed. Spatial–spectral–temporal models capture trajectories [59] at the
cost of repeated observations and larger datasets. Thermal imagery is closer to transpiration
but sensitive to weather and reference temperatures. Joint thermal, multispectral, and
temporal interpretation better separates transient heating from persistent limitation [21].

The main difficulty is that water-stress signals are not unique. Mild deficit may first
appear as higher canopy temperature or altered red-edge response, whereas wilting, yel-
lowing, and reduced cover occur only after stress intensifies. Nitrogen deficiency, restricted
roots, disease, and salinity can produce similar spectral or growth anomalies. A causal
irrigation diagnosis would therefore require integration of soil moisture, meteorological
evapotranspiration, canopy temperature, multispectral indices, and phenology. A useful
direction is to link UAV thermal and multispectral imagery with ground soil-moisture
sensors in models that connect soil water, canopy response, and irrigation decisions.

Hybrid diagnosis can embed physiological constraints rather than merely add co-
variates. Radiative-transfer models can constrain spectral responses to canopy and leaf
properties [18]. Field experiments under contrasting water–nitrogen regimes provide
complementary physiological evidence on nitrogen accumulation and translocation [56],
while UAV-based fertigation studies demonstrate how remotely sensed crop status can be
linked to input-management responses [39]. Machine learning can represent remaining
nonlinearities through simulated augmentation, physics-informed losses, data assimilation,
or staged state estimation. Causal tests require water × nitrogen × disease experiments,
interventions, and held-out site-years; otherwise, models should rank plausible causes
rather than present an unverified diagnosis [18,39,55,56].

Thermal metrics need an energy-balance context. Studies should report or test emis-
sivity, vapor-pressure deficit, air temperature, radiation, wind, humidity, flight time, view
angle, and calibration. Mixed soil-canopy pixels require masking or unmixing. Canopy-air
differences, wet/dry references, crop-water-stress indices, or weather-normalized residuals
can aid comparison, but reference construction and timing must be explicit. Without these
controls, a thermal anomaly supports field checking rather than causal irrigation diagnosis.

5.4. Water–Nitrogen Coupling Responses and Multi-Temporal Monitoring

In production fields, water and nitrogen management are closely coupled, and their
effects on canopy spectra, chlorophyll, leaf area, and biomass can overlap. Monitoring either
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factor in isolation may therefore obscure the source of growth variation. Duan et al. used
UAV multispectral imagery to estimate maize nitrogen demand under different irrigation
conditions and applied an NDRE sufficiency threshold to guide fertigation, illustrating how
UAV observations can progress from crop-status assessment toward input-management
decisions [39].

Multi-temporal monitoring is essential because the same indicator can have different
meanings across growth stages. Low NDRE at jointing may reflect nitrogen deficiency
or weak stand establishment; elevated canopy temperature around tasseling and silking
may indicate water limitation; and rapid greenness decline during grain filling may result
from senescence, nitrogen remobilization, or water stress. Water- and nutrient-status
interpretation should therefore remain phenology-dependent rather than rely on uniform
thresholds across the season.

Most water–nitrogen studies used controlled treatments. Multi-year designs [38,39]
strengthen temporal evidence, and Duan et al. [39] provide the clearest intervention-
oriented example: sensor-guided fertigation reduced N input by about 50–60%, with yield
losses up to 12% in some treatments. The result shows why input savings and crop response
must be evaluated together.

5.5. From Remote Sensing Monitoring to Prescription Decisions

Three complementary approaches can connect water- or nitrogen-status sensing with
prescription decisions. Response experiments relate spectral indicators to economically
relevant input rates but must account for non-target constraints such as waterlogging [60].
Accurate georeferencing and field registration improve spatial correspondence between
sensed zones and later field operations [61], while agronomic-balance models combine
sensed crop demand with soil and fertilizer supply to provide a more mechanistically
grounded basis for variable-rate application than index thresholds alone [62].

A practical prescription workflow moves from indicator retrieval to zoning, rate
calculation, map generation, and operation feedback. Zone size must balance sensed
variation against implemented width and control accuracy. Recommendations should also
consider yield targets, soil supply, management history, economics, and environmental risk
rather than convert every canopy anomaly directly into an input rate.

Temporal and diagnostic context remain important when translating sensed variation
into action. Within-season trajectories are more informative when interpreted together
with phenology, irrigation and fertilization records, and longer-term field performance [63].
Zones supported by consistent agronomic evidence can proceed to irrigation or fertilization
planning, whereas ambiguous responses should be directed to targeted scouting or further
stress assessment rather than immediate treatment.

Figure 5 summarizes this transition from stage-specific water and nitrogen observa-
tions to candidate management zones and prescription decisions. The examples connect
nitrogen-status maps, water-stress dynamics, sufficiency thresholds, and variable-rate con-
cepts, illustrating how sensing outputs can be translated into implementable management
units. Representative evidence for water and nutrient assessment and its progression
toward management action is summarized in Table 5.
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Figure 5. Translation of UAV water and nitrogen observations into management action. Stage-specific
status assessment can be combined with causal context and sufficiency thresholds to define candidate
management zones and potential machinery-compatible fertigation or fertilizer prescriptions (orga-
nized from Refs. [34,38,39,62]). Reused panels: licensed under CC BY 4.0; cropped and reformatted.

Table 5. Representative evidence for water- and nutrient-status assessment and translation to
management action.

Study/Target Design and Scale Reported Performance or
Outcome

Validation/Operational
Evidence Critical Interpretation

Xu et al. [34];
leaf N

concentration

UAV RGB-multispectral
information fusion;

coverage-adjusted spectral
indices (CASIs);

stage-specific field
measurements

Best R1 result: R2 = 0.59,
RMSE = 22.02%,
NRMSE = 8.37%

Within-experiment stage
validation

Moderate explanatory power;
decision sufficiency depends on

whether error is smaller than
N-management classes

Zhu et al. [38];
maize water

stress

Two irrigation methods
over 2023–2024

RF under shallow-buried drip:
training R2 = 0.98,

RMSE = 0.01; test R2 = 0.88,
RMSE = 0.02

Held-out testing within
the study and across

management treatments

Train–test gap and irrigation
dependence show why

management context must
accompany accuracy

Duan et al. [39];
sensor-guided

fertigation

NDRE sufficiency index
threshold of 0.95

N input reduced by about
50–60%; yield loss reached up

to 12% in some treatments

Two-year treatment and
agronomic outcome

comparison

Operational evidence is stronger
than prediction metrics alone,
but threshold transfer requires

irrigation, soil, and
phenology checks

Zhou et al. [62];
variable-rate
fertilization

Proximal soil sensing and
field prescriptions;

complementary non-UAV
evidence

Yield +8.37%; N rate −16.4%;
cost −USD 37.5 ha−1; gross

profit +USD 153 ha−1

Field-scale economic and
input-output assessment

Shows the evidence expected
after UAV diagnosis: executable
rates, as-applied inputs, yield,
and economics; the economic

calculation excluded the cost of
the on-the-go sensing equipment
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6. Pest, Disease, Weed, Lodging, and Abnormal-Stress Monitoring
Biotic stress, weeds, lodging, and other abnormalities can develop rapidly and un-

evenly; so, delayed detection may turn local damage into field-scale loss. UAV remote
sensing can provide broad spatial coverage to locate emerging anomalies, assess severity,
and prioritize scouting or intervention. The more difficult task is to distinguish among
causes that produce similar canopy responses.

6.1. Objects and Technical Logic of Abnormal-Stress Monitoring

Abnormal-stress monitoring extends beyond visible lesions or damaged plants. It ex-
amines changes in canopy color, structure, height, cover, temperature, and spectral response
associated with disease, insects, weeds, lodging, drought, waterlogging, nutrient deficiency,
herbicide injury, and soil constraints. The analytical task is not only to detect a deviation from
normal growth but also to rank plausible causes and assess management urgency.

Stress types produce partly distinctive image patterns: disease alters color and re-
flectance; insects damage leaves and reduce growth; weeds disrupt crop/non-crop and
inter-row patterns; and lodging lowers height and changes texture, shadows, and row
continuity. Raj et al. combined airborne RGB-derived LAI, height, and a health index to
locate stressed maize areas [36].

These signals are rarely unique. Nitrogen deficiency, disease, and water deficit all
reduce greenness; insect injury, herbicide damage, and mechanical injury all remove or
deform leaf tissue; lodging, wind damage, and waterlogging all disrupt canopy structure.
Discrimination consequently depends on temporal change, multiple sensor cues, field
scouting, operation records, and agronomic context rather than on a single image or index.

6.2. Maize Disease Monitoring

Maize diseases damage leaf tissue, reduce photosynthetic capacity, and affect dry mat-
ter accumulation and grain filling. UAV remote sensing contributes to disease monitoring
in two main ways: it uses high-resolution imagery to identify infected areas and lesion
spatial distribution, and it uses multispectral, hyperspectral, or multi-source data to capture
disease-induced canopy spectral changes for severity classification and spatial mapping.

Disease mapping is moving from thresholded anomalies toward lesion segmenta-
tion and multi-source severity assessment. Weak supervision reduces pixel-labeling de-
mands [12], and multi-source imagery combines spatial and spectral evidence [13], but
added sensors do not guarantee earlier detection. Presymptomatic pathogen signals remain
difficult to distinguish from water or nutrient stress [21,64]. Visible-symptom segmentation
is best suited to severity mapping; early warning needs temporal baselines, physiological
bands, and field confirmation.

Beyond common leaf-spot diseases, UAV or other low-altitude imagery has also
been used to assess viral and fungal infections. Bevers et al. combined UAV multispectral
imagery with machine learning to detect maize affected by sugarcane mosaic virus, showing
that viral infection can produce detectable canopy-scale spectral anomalies [35]. Radocz
et al. examined corn smut with UAV multispectral imagery and compared vegetation-
index responses across dates and infection treatments, demonstrating that disease-related
spectral responses change over time [14]. Using RTK-geotagged RGB UAS imagery, Ahmad
et al. developed GeoDLS to classify diseased, healthy, and background regions and return
geolocated disease notifications; however, evaluation remained within a single research-
field image set [65].

Visible disease mapping is increasingly mature, but early detection, disease separation,
and transfer remain difficult. Symptoms are weak, confounded by illumination, cultivar,
background, water, and nutrients, and often represented by small, imbalanced datasets.
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Progress will require multi-disease, multi-region, multi-stage data and methods that adapt
with less annotation.

6.3. Insect Monitoring and Pest-Risk Identification

Maize–UAV studies mainly sense insect injury or infestation symptoms, not individual
insects. Ground thermal and RGB imagery has been tested for fall armyworm damage,
with UAV use proposed but not demonstrated [27]. Field spectral responses [66] should
be termed injury or infestation-risk assessment unless insects, larvae, feeding signs, or
independent sampling confirm the cause.

Spectral-yield analysis maps canopy response after fall armyworm damage [66], and
paired ground RGB–thermal imagery supports damage classification with prospective
UAV relevance [27]. These products prioritize scouting but are not direct insect detection.
Earlier warning requires imagery combined with traps, weather-based risk models, and
field counts [64].

UAV-based insect monitoring is constrained by visibility and specificity. Early injury
often occurs inside the whorl or stem, beyond the view of nadir imagery. Mild damage
is small relative to image resolution and can be obscured by leaf overlap or shadows.
Canopy changes caused by insects also resemble those caused by disease, drought, or
nutrient deficiency. Promising routes include high-resolution close-range imaging for direct
damage detection and indirect pest-risk models that fuse thermal infrared, multispectral
data, trapping records, weather, and field surveys for precision spraying.

6.4. Weed Recognition and Targeted Weed Control

Weed competition is most consequential during establishment and early canopy
development, when it reduces access to light, water, nutrients, and space. Whole-field
herbicide application and manual weeding provide limited spatial selectivity. By mapping
inter-row vegetation and separating crop from non-crop cover, UAV imagery can support
spot treatment, variable-rate spraying, and mechanical-weeding path planning.

Weed mapping is most reliable before canopy closure, when rows and inter-row
space aid separation. RGB row methods suit dominant patches, while multispectral or
deep learning methods address mixed species and backgrounds. WeedsGalore supports
temporal and regional testing [67], and species maps can define treatment zones [37].
Although weed mapping is relatively well-developed [21], transfer across regions and
direct field-control integration remain limited.

Weed recognition is limited by both crop-weed similarity and operational constraints.
Species and dominant weed communities vary among regions, which weakens geographic
transfer. Because maize and weeds are both green vegetation, RGB features are sensi-
tive to illumination, shadow, and leaf age; red-edge and near-infrared information can
improve separation but cannot eliminate ambiguity. For field use, weed maps must also
align with nozzle-control accuracy, implement width, and machinery positioning. Better
integration is still needed between weed localization, variable-rate spraying, and intelligent
weeding equipment.

6.5. Lodging Recognition and Disaster-Loss Assessment

Lodging often occurs during the middle and late stages of maize development after
strong wind or rain, particularly when cultivar resistance, stalk strength, root anchorage,
or planting density is unfavorable. It disrupts canopy light and ventilation, complicates
mechanical harvest, and reduces yield and grain quality. Because lodging abruptly changes
canopy geometry, UAV imagery is well suited to mapping the affected area and grading
structural severity.
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Lodging is primarily structural: height loss, broken rows, directional texture, and
altered shadows are more informative than vegetation indices alone. It affects yield-model
behavior [68] and can be classified with multispectral and learning methods [69]. A pre-
event baseline and rapid post-event RGB or DSM survey improve mapping for insurance
and harvest planning.

Operational products should describe lodging area, direction, angle, and severity and
relate them to yield loss, harvest loss, and machinery access. Multi-angle RGB, multispec-
tral, and DSM data may improve grading, but practical value depends on rapid acquisition
and a pre-event or unaffected reference; otherwise, these remain decision-support products
rather than validated outcomes.

6.6. Integrated Identification of Abnormal Stress and Precision Intervention

Field stresses often co-occur and interact. Low-lying waterlogged areas may combine
restricted rooting, nitrogen deficiency, disease, and lodging risk; severe weed competition
can weaken establishment and reduce later yield potential; and lodged canopies during
grain filling may undergo accelerated senescence and disease spread. Integrated assessment
must therefore move beyond separate object classes toward diagnosis of the dominant and
interacting constraints.

Integrated assessment can follow anomaly detection, interpretation, and intervention.
Indices, height, texture, temperature, or temporal change locate abnormal patches; scouting,
samples, input records, weather, and soil data then rank causes; and sufficiently verified
results may support irrigation, fertilization, spraying, weeding, harvest adjustment, or
damage assessment. Huq et al. used UAV imagery and deep learning to locate abnormal
maize areas and grade severity, supporting prioritized scouting [70].

Stress products should separate anomaly detection from causal diagnosis. A useful
risk layer records the suspected stress, severity, confidence, need for field verification, and
remaining intervention window. Confirmed zones can support targeted spraying, weeding,
irrigation, or disaster assessment, while uncertain zones require direct scouting rather
than automatic treatment. Retaining event timing, severity, and intervention history also
supplies explanatory variables for yield prediction and loss attribution.

Causal ground truth must be independent of the image features used for detection,
using expert or laboratory disease diagnosis, pathogen assays, insect or weed surveys,
measured water and nitrogen status, lodging angle, and georeferenced severity near flight
time. Factorial or naturally co-occurring stresses are needed to test confusion among causes.
None of the 51 core studies independently validated discrimination among water, nitrogen,
disease, and other competing stresses in production fields.

Figure 6 summarizes representative remote sensing signatures and management
implications for disease, insect damage, weed mapping, and lodging assessment. For
stress monitoring, UAV imagery should not only locate anomalies but also help prioritize
scouting, define risk zones, and inform the design of variable-rate interventions where
causal confidence and implementation evidence are sufficient.

The stress layers represented in Figure 6 also retain information needed for yield
interpretation. Disease, insect injury, weed competition, and lodging affect yield through
different pathways and at different stages; recording event type, timing, severity, and
intervention is therefore more informative than a single late-season stress class. These
records form part of the management history used in Section 7.

Stress-monitoring metrics must be read against prevalence and intervention cost.
Overall accuracy can be dominated by healthy canopy, while missed early disease or weed
patches carry greater agronomic cost than false alarms that trigger scouting. Pixel-level
IoU, object-level precision/recall, field-level affected area, and zone-level intervention error
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answer different questions. Independent seasons, cultivars, and fields are particularly
important because symptom appearance, background, and class balance shift rapidly.
Representative quantitative results for abnormal-stress monitoring, together with their
validation evidence and operational limitations, are summarized in Table 6.

Figure 6. From abnormal canopy cues to candidate intervention zones. Disease symptoms, insect
injury, weed detections, and lodging require different outputs and ground truth; causal confidence is
assessed and field verification is required before action. Panel-wise source publications are printed
within the figure (organized from Refs. [35,37,66,68]). Reused panels: licensed under CC BY 4.0;
cropped and reformatted.

Table 6. Representative quantitative results for abnormal-stress monitoring and their opera-
tional interpretation.

Study/Task Data and Method Reported Performance Validation Evidence Decision-Oriented Limitation

Chen et al. [12];
disease segmentation

Weakly supervised
network for maize

disease

Pseudo-label IoU = 43%,
F1 = 58%; test disease

IoU = 50%
Within-study test set

Reduced annotation burden,
but boundary and

affected-area errors remain
material for spraying zones

Bevers et al. [35];
SCMV

Multispectral UAV;
XGBoost regression and

SVM classification

Severity regression R2 = 0.29,
RMSE = 29.26; classification

accuracy = 72.9%

External-year testing was
examined; thermal/height
fusion reduced regression

R2 to 0.225

A valuable negative/realistic
result: more sensors did not
guarantee better transfer or

causal specificity

Mesías-Ruiz et al. [37];
weeds

Deep learning for
multi-species

classification/detection

Swin-T F1 = 98.1%;
YOLOv8m detection

mAP = 0.93 and recall = 0.94

Experimental maize plus
commercial-field context

High task accuracy is
promising; herbicide savings

require zone aggregation,
nozzle constraints, and

independent regional tests

Zhao et al. [69];
lodging

UAV multispectral
imagery; RF and Swin

Transformer

RF OA = 89.29%, κ = 0.8852;
Swin-T OA = 96.02%,

κ = 0.9574
Study-specific validation

Strong classification does not
yet quantify harvestability,
yield loss, or cross-storm

transfer
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7. Yield Prediction and Production Decision Support
Yield integrates establishment, canopy development, water and nutrients, stress, and

operations, along with cultivar, soil, and weather. UAV yield prediction can therefore
summarize seasonal evidence for spatial diagnosis and management rather than serve only
as a regression from vegetation indices to final yield.

7.1. Objectives, Scale, and Remote Sensing Representation of Yield Prediction

Maize yield prediction may target research plots, whole fields, subfield spatial vari-
ability, or regional production. Models used in trials and cultivar screening emphasize
differences among treatments or genotypes. In production fields, estimates must capture
within-field heterogeneity well enough to support management zoning and input alloca-
tion. The fine spatial resolution of UAV imagery is particularly useful at plot and subfield
scales, where it can overcome satellite limitations in small fields, irregular boundaries, and
fine treatment areas.

Yield formation is cumulative: stand density sets the potential ear number; canopy
development through tasseling shapes dry-matter accumulation; and water, nutrients, and
stress during reproduction determine grain set and filling. Predictors include spectral
indices, height, cover, texture, temperature, temporal change, and management. Hyper-
spectral work shows that spatial resolution and spectral configuration affect maize yield
estimation; so, feature scale should match the target [71].

Evaluation should extend beyond numerical accuracy to the spatial usefulness of the
resulting yield information. Predicted patterns should be agronomically plausible, identify
meaningful low- and high-yield zones, and remain interpretable at the intended decision
scale. A model may still support zoning or treatment comparison when the absolute
yield error is moderate, provided that the relative spatial patterns needed for the intended
application are stable.

The reviewed yield literature is concentrated mainly in experimental plots and within-
program prediction. Its strongest current contributions are treatment comparison, identifi-
cation of informative observation windows, relative yield estimation, and spatial zoning
within the conditions studied, rather than demonstrated field-scale management execution.

7.2. Optimal Growth Stage and Multi-Temporal Yield Estimation

Different growth stages contribute unequally to final yield prediction. Seedling imagery
mainly reflects the foundation for potential ear number; observations from jointing to tasseling
and silking represent canopy development and yield potential; and grain-filling imagery
captures stay-green capacity, accumulated stress, and filling conditions. Identifying informative
observation windows is therefore essential for both accuracy and practical timing.

Yang et al. used high-frequency UAV data to quantify the contribution of different
phenological stages to yield prediction. Observation timing significantly affected accu-
racy, and multi-temporal data represented the yield-formation process better than a single
date [15]. Production models must nevertheless balance lead time against accuracy: very
early estimates remain uncertain, whereas late estimates leave little opportunity for man-
agement adjustment. The aim is to select informative windows with useful lead time, not
simply to increase the number of flights.

Multi-temporal yield estimation is most useful when remote sensing trajectories are
linked to physiological development. A field zone that is weak from emergence through
tasseling may represent a stable low-yield area, whereas a zone that declines only during
grain filling may indicate late-season water stress, disease, or premature senescence. These
mechanisms require different management responses. Time-series UAV data can therefore
improve prediction and help explain how yield differences arise.
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7.3. Multi-Source UAV Features and Machine Learning for Yield Estimation

Yield models increasingly combine spectral, structural, thermal, temporal, and man-
agement information. These sources describe different processes: RGB captures cover and
texture; multispectral data represent greenness and red-edge response; height describes
development; thermal data indicate water status; and temporal or management variables
provide context. Fusion is most useful when inputs are physiologically complementary
rather than correlated measures of the same canopy property.

Studies combining spectral, structural, environmental, and management variables
better represented yield variation within individual experiments [16,17]. Guo et al. [16],
for example, evaluated 20 treatment plots and found complementary UAV and treatment
features useful for capturing yield variation. Feature value also changes with stage; so,
multi-source models should follow the biological contribution of each predictor rather than
simply increase predictor count.

Additional data also increase synchronization, registration, missing-data, preprocess-
ing, and interpretation burdens. Common learning algorithms can handle heterogeneous
predictors, but input quality and complementarity may matter more than algorithm choice.
Baselines and ablation tests should show whether each source adds useful prediction or
zoning information relative to its acquisition and processing cost.

7.4. Yield Components and Ear-Related Phenotypes for Assisted Prediction

Maize yield is determined by components such as ears per unit area, kernels per
ear, and kernel weight. Conventional UAV models infer these outcomes indirectly from
canopy spectra and structure. Low-altitude RGB imagery and object detection now allow
reproductive phenotypes, including tassel number, morphology, and flowering progress, to
be added as evidence more closely related to yield formation.

Reproductive-organ detection provides a more direct but narrower view of yield forma-
tion than canopy indices. YOLOv5-T and improved YOLOv8 models can locate maize tassels
rapidly in low-altitude RGB imagery [72,73], which could support assessment of tasseling
progress and breeding-related phenotypes. Their link to final yield remains indirect because
tassel number does not represent kernel set, grain filling, or late stress. Occlusion, small target
size, and a short observation window also limit transfer; so, tassel traits are best treated as
phenological and reproductive covariates within multi-temporal models.

Direct ear phenotyping would move closer to component-level yield analysis, but
field-scale extraction of ear number, position, and filling status remains difficult because
ears are occluded by leaves and husks and vary in viewing angle. Until these constraints
are resolved, reproductive-organ observations are better combined with stand density,
canopy trajectories, and late-season stress records than used as stand-alone estimators.

7.5. Yield Spatial Patterns, Stability, and Management Zoning

Precision production depends on within-field yield distribution as well as the field
mean. Variation in soil, topography, water supply, biotic stress, and management history
creates stable high-yield, stable low-yield, and seasonally variable zones. Identifying these
patterns supports differentiated input management, drainage and irrigation improvement,
density adjustment, and longer-term soil remediation.

Management zones may be strategic or tactical. The UAV maize evidence supports
within-season prediction and relative spatial patterns, while multi-year yield stability and
proximal or satellite studies [63,74] are adjacent benchmarks, not proof of UAV-driven field
operations. Stable zones need several yield years and soil or management history; tactical
zones need a current diagnosis and an actionable window.
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Distinguishing persistent constraints from temporary anomalies requires data prove-
nance. A one-season low-yield patch may reflect disease, compaction, waterlogging, or ap-
plication error, whereas repeated underperformance may indicate soil texture, topography,
salinity, or nutrient-supply limitations. UAV status maps should therefore be interpreted
with multi-year yield, soil, terrain, and machinery records. Zoning can remain dynamic,
but revisions need to be tied to an explicit management horizon.

7.6. Prescription Map Generation and Production Decision Transformation

Yield prediction and management zoning become actionable only when they are trans-
lated into field decisions. Potential applications include variable-rate fertilization, precision
irrigation, targeted crop protection, harvest scheduling, remediation of persistently low-
yield areas, and adjustment of the following season’s sowing strategy. UAV-derived status
or yield maps must therefore be converted into prescription units that specify where an
action is required, what intervention is appropriate, and at what spatial and operational
scale it should be implemented.

Adjacent studies provide useful benchmarks for translating remote sensing informa-
tion into field management. Sentinel-2-based nitrogen zoning in corn [75] and Sentinel-
2 combined with historical telematics in wheat [76] illustrate prescription-oriented ap-
proaches, whereas Landsat–weather scale transfer [77] provides a complementary bench-
mark for subfield yield mapping at management-relevant spatial scales. In maize–UAV
research, Duan et al. [39] provide the clearest decision-oriented example by linking UAV-
derived NDRE with treatment-level fertigation and agronomic outcomes.

Prescription generation requires reconciliation among remote sensing scale, agronomic
thresholds, and machinery capability. Centimeter-scale imagery cannot be converted
directly into fertilizer, spray, or irrigation commands when field equipment operates at
substantially coarser widths and response intervals. Remote sensing observations therefore
need to be aggregated into management units consistent with implement width, positioning
accuracy, controller response, and the agronomic objective. The resulting prescription
should preserve meaningful spatial heterogeneity without creating zones that are too fine
for reliable field execution.

Yield-derived management zones are more informative when interpreted together
with evidence accumulated earlier in the season. Links to stand establishment, canopy
trajectories, water and nutrient status, stress events, and operation records help distinguish
persistent field constraints from temporary anomalies. This seasonal provenance can clarify
whether a low-yield zone is better addressed through soil improvement, input adjustment,
crop protection, altered planting strategy, or no additional intervention. Section 8 examines
the broader requirements for maintaining this information continuity through machinery
execution and post-operation evaluation.

Figure 7 summarizes the pathway from UAV-derived yield information to production
decisions. The examples illustrate how spatial and spectral scale, reproductive phenotypes,
temporal yield stability, and management-zone definition contribute to the transformation
from prediction to prescription. Representative quantitative evidence for yield prediction
and decision support is summarized in Table 7.
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Figure 7. Decision chain for scale-aware yield modeling and production support. Demonstrated maize–
UAV links include multi-temporal prediction and within-experiment spatial modeling; stable multi-year
zoning, machinery-ready prescriptions, and execution feedback are shown as required but incompletely
validated transitions. Panel-wise source publications are printed within the figure (organized from
Refs. [63,71,73,75]). Reused panels: licensed under CC BY 4.0; cropped and reformatted.

Table 7. Representative performance evidence for yield prediction and decision support.

Study/Target Scale and Design Reported Performance Validation Strength Critical Interpretation

Yang et al. [15]; plot
yield

High-frequency
multi-temporal UAV

observations

Four-stage model: R2 = 0.93,
RMSE = 0.77 t ha−1;

single-date model: R2 = 0.86,
RMSE = 1.06 t ha−1

Same experimental
program; no

independent-year claim

Clear temporal benefit, but
year/field transfer and

decision-threshold stability
remain to be tested

Guo et al. [16]; maize
grain-yield proxy

expressed as
hundred-grain weight

RGB, multispectral, and
height features; 20 plots RF R2 = 0.963, RMSE = 0.489 g

Very small number of
independent plots;

overfitting risk
acknowledged

High R2 should not be
generalized to total yield or
production fields without

stronger validation

Burglewski et al. [71];
yield versus scale

Spatial/spectral
resampling experiments

Performance degraded above
4 m GSD; seven-band

red-edge/NIR configuration
was best in 90% of trials

Controlled scale
sensitivity within the

study

Demonstrates that
sensor-scale conclusions

must accompany accuracy
values

8. Key Issues and Development Directions
Seasonal maize management links stand assessment, canopy traits, water and nutri-

ents, abnormal stress, yield, and decisions. The main integration problem is that plant
points, rasters, risk maps, prescriptions, machinery logs, and yield maps often lack shared
spatial units, timestamps, or quality information. Five system-level bottlenecks recur: in-
consistent data standards, limited transfer, confusion among interacting stresses, mismatch
with machinery, and weak post-operation evaluation.
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8.1. Data Quality, Standardization, and Interoperability

UAV data quality propagates into traits, stress assessment, and decisions. Platform,
sensor, height, overlap, timing, correction, sampling, and reference methods vary widely,
while illumination and geometry strongly affect spectral and thermal products. Radiometric
studies show this sensitivity [30], and harmonized UAS guidance treats planning, reference
data, processing, and quality reporting as one reproducible workflow [22].

Standardization must include exchanged products, not only images. Plant points, row
objects, trait surfaces, stress probabilities, yield surfaces, and zones should retain common
coordinates, field identifiers, phenological timestamps, units, provenance, and quality
data. Geometry must also match equipment scale and control resolution. Interoperability
therefore requires stable identifiers and machine-readable metadata linking UAV outputs
with soil, weather, scouting, machinery, as-applied, and yield records.

Quality flags should travel with each product. Shadow, saturation, registration or mosaick-
ing error, mixed pixels, missing data, and extrapolation should remain visible as confidence
or applicability limits. A product is decision-grade when plausible errors do not change
the intended action and execution can be audited at the required tolerance. Thresholds are
application-specific: scouting alerts, nitrogen zones, and stand maps require different accuracy.

Minimum Information for UAV Agronomy (MIUAVA) is an author synthesis, not a
consensus standard. It organizes recurring reporting needs along the UAV-to-decision workflow.
Acquisition and processing fields draw on established UAS practices [22,24,28–30]; reference,
validation, and uncertainty fields reflect phenotyping and stress-monitoring guidance and gaps
in the maize corpus [22,23,55]; and provenance and interoperability elements draw on UAS
integration studies [78,79]. Machinery exchange is aligned with ISO 11783-10 [80]. Maize-specific
additions—phenology, decision thresholds, equipment scale, defer-action rules, traceability, and
agronomic–economic feedback—remain proposed guidance.

To make these requirements explicit, we propose Minimum Information for UAV Agron-
omy (MIUAVA) as a reporting checklist. At minimum, a MIUAVA record should include:

• Decision scope and experimental design: intended action and threshold, target spa-
tial and temporal scale, equipment scale, field, year, site, cultivar, treatments, and
independent sampling units.

• Platform, sensor, and calibration: aircraft, sensor, lens, bands, firmware, integration or
exposure settings, laboratory calibration, reference panel or downwelling-light sensor,
and saturation or rejection rules.

• Flight and environment: date, time, crop stage, altitude, GSD, speed, overlap, flight
and viewing geometry, sensor-to-sun geometry, wind, temperature, humidity, cloud
and illumination stability, and atmospheric conditions relevant to the sensor.

• Radiometric and geometric processing: software and version, correction chain, mo-
saicking and resampling, coordinate reference system, RTK or ground-control configu-
ration, checkpoints, and image-to-ground or cross-sensor registration accuracy.

• Ground reference and sampling: measurement method and uncertainty, sample counts,
plot or field layout, timestamps, canopy layer, spatial matching tolerance, and treat-
ment of spatial and temporal autocorrelation.

• Modeling and validation: preprocessing and feature selection inside resampling folds,
split unit, hyperparameters, calibration domain, independent site-year or spatially
blocked testing, bias, MAE or RMSE, class-specific errors, and uncertainty calibration.

• Product and quality control: units, resolution, no-data rules, coverage, blur, shadow,
seam and saturation checks, quality flags, confidence intervals or probabilities, appli-
cability limits, and the rule for deferring action when evidence is insufficient.
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• Prescription and feedback: zone or rate logic, coordinate reference system, exchange
format, terminal, controller, implement and FMIS compatibility, import or test–task
results, as-applied records, and agronomic and economic outcome evaluation.

Where relevant, studies should state acceptance criteria for acquisition and processing,
georeferencing relative to GSD and equipment tolerance, validation error relative to the
decision threshold, and uncertainty calibration. Limits remain trait- and operation-specific,
and failure should trigger reacquisition, deferred action, or exploratory use as appropriate.
MIUAVA is intended to improve reporting and traceability, not create a technical standard;
only ISO-XML task-data exchange has direct normative support here [80].

8.2. Cross-Region Generalization and Phenology-Aware Interpretation

Many maize–UAV models cover narrow combinations of region, year, cultivar, and
management; so, changes in soil, weather, inputs, stresses, or phenology can alter per-
formance. Reviews likewise report strong variation among traits, sensors, stages, and
crops [23], favor complementary and process-aware interpretation [21], and show that
stress signals depend on acquisition and crop context [55]. Generalization therefore de-
pends on representative development data as well as algorithm choice.

Phenology provides an important constraint on model interpretation and transfer. The
same remote sensing signal can imply different crop conditions at different stages: low
canopy cover during establishment may indicate poor emergence, low NDRE after jointing
may reflect nitrogen limitation or delayed development, and declining greenness during
grain filling may represent normal senescence, disease, or water stress. Reviews of UAV
monitoring in gramineous crops similarly show that informative observation windows
shift with crop development [3]. Models intended for transfer should therefore retain
explicit growth-stage information and define the conditions under which their predictions
are considered applicable.

Credible transfer requires independent data from contrasting sites, years, cultivars,
and management regimes, evaluated within stated applicability domains. Transfer learning
and domain adaptation may reduce distribution shift but cannot remove phenological,
sensor, and environmental differences. Out-of-domain predictions should carry uncertainty
or applicability flags and prompt recalibration or field verification.

8.3. Multi-Stress Signal Disentanglement and Contextual Data Fusion

No single data source fully explains within-field heterogeneity. UAV imagery provides
spatial detail, satellites can add temporal continuity and broader coverage, and ground
sensors can record weather and soil dynamics. Machinery logs and historical yield maps
add information on interventions and outcomes. Combining these sources in practice
requires spatial and temporal registration, with phenological and management-event
labels linking observations to field interventions. Reviews of UAV yield estimation and
UAS–satellite integration show that complementary data can improve prediction and
scalability, although differences in resolution, calibration, timing, and analytical method
remain substantial constraints [78,81].

Context is particularly important when different stresses produce similar signals. Re-
duced greenness, elevated canopy temperature, or lower canopy height may arise from water
deficit, nitrogen limitation, root-zone constraints, disease, insect injury, or their interaction. A
defensible workflow detects the anomaly, ranks plausible causes using phenology, weather,
soil, input history, and spatial context, and requests targeted field evidence when confidence is
low. The maize crop-protection review similarly emphasizes connecting monitoring evidence
with precise control rather than relying on image classification alone [4].
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8.4. Compatibility Among Prescription Maps, Machinery Execution, and Feedback Evaluation

The 51 core studies do not demonstrate a complete machinery-interoperability work-
flow. Most stop at trait retrieval, stress assessment, or yield prediction, and only one re-
ported a UAV-informed agronomic intervention [39]. The following framework is therefore
a proposed route from validated products to prescription, execution, as-applied verification,
and agronomic–economic feedback, informed by adjacent studies and machinery standards.

A map becomes operational only after agronomic thresholds, economics, and machin-
ery constraints are applied. Centimeter-scale UAV products are often finer than applicator
widths, control intervals, irrigation units, or positioning tolerance. Prescription generation
must aggregate observations into executable units with meaningful boundaries and specify
operation, rate, unit, validity, and confidence. Sensor adaptability, processing complexity,
and scalability remain barriers [82].

Machinery compatibility requires geospatial and task-data consistency. Rasters should
be converted to polygons or grids no finer than implement width, section-control interval,
positioning accuracy, and rate-change frequency while retaining field boundary, coordinate
system, operation, rate, unit, no-data rule, timestamp, version, and provenance. Shapefile
or GeoPackage can be intermediate layers; ISOBUS workflows require ISO-XML task data
under ISO 11783-10 [80]. Verification should include schema, topology, range, and unit
checks, successful terminal/FMIS import, a test task, and return of as-applied records. File
validity alone does not ensure that terminal, controller, implement, positioning, section
control, and FMIS functions are compatible.

Execution closes neither the agronomic nor information loop. As-applied maps should be
aligned with follow-up UAV data, ground measurements, and yield to test both delivery and
crop response, using comparison areas or repeated observations where appropriate. Integrated
decision-support frameworks support this linkage [79], and broader synthesis shows that
value depends on reliable data flow, interpretation, and validation across the sensing-to-action
chain [5]. Outcomes should include input use, crop response, yield, and economic return.

Prescription uncertainty should also influence action selection. Zones near treatment
thresholds should not automatically receive the same rate as high-confidence areas; they
may instead be assigned a lower-risk rate, flagged for scouting, or deferred until additional
evidence is available. The prescription package should therefore retain confidence or
applicability information, the decision threshold used, and relevant provenance so that
post-operation analysis can distinguish sensing or model error from execution error.

8.5. Development Priorities for an Integrated Production Workflow

An integrated workflow need not use one all-encompassing model. It needs interoper-
able modules for monitoring, diagnosis, prescription, execution, and evaluation. Shared
spatial identifiers, phenology, acquisition metadata, soil and weather context, management
events, provenance, and quality information should remain attached as outputs move into
machinery-compatible units and return as as-applied data, follow-up observations, ground
measurements, yield, and economic outcomes. Individual studies need not implement
every stage, but their products should support the next one.

The evidence audit provides a conservative baseline. Of 51 core studies, two explicitly
tested independent sites or years [31,35], and one reported a UAV-informed intervention
with input and yield outcomes [39]. None documented the complete path from machinery-
compatible prescription through execution, as-applied reconciliation, crop response, and
economics; executed replanting, stress-map intervention, and action from UAV yield maps
were also absent. These counts reflect explicit reporting within this corpus only; study-level
coding appears in Table S1.
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Based on this audit, the ranked research priorities and measurable targets are as
follows: The specific numerical targets and implementation criteria proposed below are
author-defined benchmarks derived from the evidence gaps identified in this review;
unless explicitly supported by cited literature, they should not be interpreted as established
consensus standards.

• External validity: Transferability should be evaluated in contrasting environments
rather than inferred from internal accuracy. As a practical author-defined benchmark,
we propose testing across at least three contrasting site-years, including at least one
production field outside the model-development environment, with complete fields
or years held out where appropriate and prediction error interpreted relative to the
intended decision threshold.

• Causal stress discrimination: Future studies should distinguish competing water,
nutrient, biotic, and soil-related constraints using phenological context and indepen-
dent physiological or laboratory evidence. Factorial or naturally co-occurring stress
conditions, together with calibrated probabilities for competing causes, would provide
stronger evidence than anomaly classification alone.

• Decision-grade measurement and uncertainty: Acquisition, ground reference, model-
ing, and product quality should be documented using the MIUAVA framework, with
acceptance criteria linked to the intended agronomic decision. Practical reliability is
demonstrated when plausible measurement and model errors do not alter the resulting
management action.

• Machinery interoperability and closed-loop execution: Operational studies should
translate validated spatial products into target-system-compatible prescriptions, verify
successful import and field execution, and reconcile intended prescriptions with as-
applied position and rate records. This step is necessary to distinguish analytical
performance from execution performance.

• Agronomic and economic benefit: Field evaluation should quantify input use, crop
response, yield, operational requirements, and economic outcomes using treated and
comparison areas where appropriate. Benefits should be reported per unit area and
assessed directly rather than inferred from sensing or model accuracy.

Table 8 compares application domains by task performance, validation design, ev-
idence beyond development conditions, and progression from sensing to action. The
categories indicate relative strength within the reviewed maize–UAV evidence, not full
technological maturity.

Table 8. Cross-domain synthesis of validation strength and remaining requirements for decision-
grade maize–UAV applications.

Application
Domain Representative Evidence Current Validation Strength Decision Readiness Priority Evidence Gap

Seedling
establishment

Plant detection, counting,
spacing, and gap mapping

[31,41,42]

Moderate; some
independent-site evidence,

strong GSD dependence

Useful for scouting and
stand maps; 0 core studies

reported executed
replanting or planter

recalibration

Independent fields/years
and intervention-area

error under varied soil,
weeds, and flight scales

Canopy traits Height, LAI, biomass,
SPAD/LWC [25,26,32,36]

Moderate within experiments;
limited external years/sites

Trait ranking and
monitoring are feasible;

absolute decisions require
calibrated uncertainty

Common trait definitions,
cross-sensor calibration,

phenology- and
altitude-aware external

validation

Water and nutrients
N/water retrieval and
threshold/prescription

studies [34,38,39,62]

Mixed; treatment evidence
stronger than geographic

transfer

One UAV-informed
treatment intervention

[39]; no machinery-ready
spatial round trip

Irrigation/drainage/tillage
stratification, causal

separation, as-applied and
economic feedback
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Table 8. Cont.

Application
Domain Representative Evidence Current Validation Strength Decision Readiness Priority Evidence Gap

Biotic/abnormal
stress

Disease, weed, and lodging
mapping [12,35,37,69]

Variable; high internal task
metrics but domain-shift risk

Useful for risk maps and
scouting; 0 executed

stress-map interventions
or causal multi-stress

validations

Independent
seasons/regions,

prevalence-aware metrics,
false-action cost, and
cause confirmation

Yield and zoning
Multi-temporal yield, scale

analysis, and stability
mapping [15,16,63,71]

Often limited by small plot
samples; stronger

external-year benchmarks are
mostly non-UAV

Within-trial prediction is
promising; 0 UAV yield
maps were converted to

executed actions

Independent production
fields/years, blocked

validation, uncertainty
and economic decision

evaluation

Integrated
workflow

Monitoring-to-prescription
architecture [55,75,79]

Early; 0 of 51 core studies
completed

prescription-to-economics
closed-loop validation

Decision support is
plausible when
provenance and

machinery constraints are
retained

Open data model,
machine-compatible

zones, as-applied
feedback,

agronomic/economic
outcome trials

9. Conclusions
This review evaluates UAV remote sensing for maize from seasonal monitoring and

trait retrieval to operational decision support. Four conclusions emerge.

(1) UAV remote sensing supports high-resolution maize assessment across growth stages.
Evidence is comparatively stronger for plant counting, canopy structural and physio-
logical traits, treatment-related water and nitrogen responses, and mapping of disease
symptoms, insect injury, weeds, lodging, and relative yield variation. Most findings,
however, come from experimental or site-specific conditions.

(2) External validity is the main evidence limitation. Independent testing across sites,
years, cultivars, and production settings is uncommon, and many gains from complex
models or fusion remain within experiments. Remotely sensed anomalies should
not be treated as causal diagnoses without independent physiological, agronomic, or
field confirmation.

(3) A clear gap remains between sensing and operational precision management. Most
studies stop at trait estimation, anomaly mapping, treatment discrimination, or scouting.
Evidence for machinery-ready prescriptions, execution, as-applied verification, and
agronomic–economic feedback is scarce, and no core study completed the full cycle.

(4) Priorities are multi-site and multi-year validation in production fields, phenology-
aware acquisition and interpretation, independent confirmation of interacting stresses,
and uncertainty assessment against management thresholds. Closed-loop trials should
also test machinery-compatible prescriptions, execution accuracy, crop response, input
use, yield, and economic return.
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Abbreviations
The following abbreviations are used in this manuscript:

CASI Coverage-Adjusted Spectral Index
CHM Canopy Height Model
CIred-edge Red-Edge Chlorophyll Index
CNN Convolutional Neural Network
DASs Days After Sowing
DEM Digital Elevation Model
DNN Deep Neural Network
DSM Digital Surface Model
ESRI Environmental Systems Research Institute
EVI Enhanced Vegetation Index
ExG Excess Green Index
ExGR Excess Green Minus Excess Red Index
ExR Excess Red Index
F1 F1 Score
FMIS Farm Management Information System
GLI Green Leaf Index
GNDVI Green Normalized Difference Vegetation Index
GSD Ground Sampling Distance
IoU Intersection over Union
ISO-XML ISO 11783-10 Task-Data Exchange Format
ISOBUS ISO 11783-Based Agricultural Machinery Communication Standard
LAI Leaf Area Index
LiDAR Light Detection and Ranging
LWC Leaf Water Content
MAE Mean Absolute Error
mAP Mean Average Precision
MIUAVA Minimum Information for UAV Agronomy
MTCI MERIS Terrestrial Chlorophyll Index
NDRE Normalized Difference Red-Edge Index
NDVI Normalized Difference Vegetation Index
NGRDI Normalized Green-Red Difference Index
NIR Near-Infrared
NRMSE Normalized Root Mean Square Error
OA Overall Accuracy
PLSR Partial Least Squares Regression
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
R-CNN Region-Based Convolutional Neural Network
RF Random Forest
RGB Red, Green, and Blue
RMSE Root Mean Square Error
RPD Ratio of Performance to Deviation
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rRMSE Relative Root Mean Square Error
RTK Real-Time Kinematic
SAVI Soil-Adjusted Vegetation Index
SCMV Sugarcane Mosaic Virus
SNR Signal-to-Noise Ratio
SPAD Soil Plant Analysis Development
SVM Support Vector Machine
UAS Unmanned Aerial System
UAV Unmanned Aerial Vehicle
VARI Visible Atmospherically Resistant Index
VTOL Vertical Take-Off and Landing
XGBoost Extreme Gradient Boosting
YOLO You Only Look Once
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