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Abstract
Unmanned aerial vehicle UAV-based RGB imaging is increasingly used to track crop diseases and
assess fungicide performance. However, standard disease severity measures may miss an important
factor: fungicide-induced changes in canopy structure that modulate disease observability. Here
we analyse a multi-site dataset of wheat yellow and leaf rust, integrating UAV-derived canopy cover
and disease severity, and rater-based disease severity assessments. Results indicate that between
visual and UAV imagery-based disease severity was high but fundamentally non-stationary, gov-
erned by canopy cover and epidemic intensity. Measurement error followed structured, canopy-
dependent regimes. The canopy-normalized disease area, a metric that harmonizes severity with
structural and spatial context, revealed ranking shifts in fungicide efficacy that are not captured
through traditional metrics. This suggests that severity-based comparisons may combine true dis-
ease suppression with treatment-related changes in how visible symptoms are. Framing plant dis-
ease quantification as a measurement challenge, rather than only a detection, may support a more
accurate assessment of treatment effects. Modelling the influence of canopy structure on symptom
expression could provide a scalable and robust basis for disease monitoring and decision-making
in precision agriculture.

1. Introduction

Plant diseases remain a major constraint on global food security, with fungal pathogens alone account-
ing for substantial yield losses in major cereal systems worldwide (Savary et al 2019, Fones et al 2020,
Singh et al 2025). Over the past two decades, unmanned aerial vehicle (UAV)-based remote sensing has
emerged as a powerful tool for crop health monitoring, enabling non-destructive, spatially explicit assess-
ments at high temporal and spatial resolution (Mahlein 2016, Chin et al 2023, Kouadio et al 2023, Manoj
et al 2025). In plant pathology, most UAV studies focus on detecting or mapping disease symptoms and
on correlating spectral indices with visually assessed disease severity once lesions are visible (Anam et al
2024, Mahlein et al 2024, Shafay et al 2025).

This symptom-oriented paradigm implicitly assumes that disease severity is directly observable and
that spectral signals provide unbiased proxies of the underlying epidemic process. Yet visual disease rat-
ings are known to be subjective, scale-dependent, and sensitive to canopy architecture and observer per-
ception (Bock et al 2014, Deery and Jones 2021, Bock et al 2022). From a measurement-science perspec-
tive, both human raters and UAV sensors should be regarded as imperfect instruments observing a latent
disease state rather than a direct ground truth. This distinction between latent disease processes and
observed signals remains largely underexplored in UAV-based plant disease monitoring, despite its funda-
mental implications for data interpretation and model validity. A critical but largely overlooked issue is
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that fungicides alter canopy structure by delaying senescence, preserving green leaf area, and modifying
canopy density and architecture (Milne et al 2003, Robert et al 2008, Baccar et al 2011, Vidal et al 2017).
These structural changes modify the optical environment in which disease is observed. Thus, identical
levels of underlying disease burden can produce different spectral responses depending on canopy state,
leading to systematic distortions in remotely sensed disease estimates.

Comparisons of fungicide efficacy based solely on observed severity may conflate true disease sup-
pression with treatment-induced changes in disease observability. Whereas UAV imagery-based disease
studies have largely focused on enhancing detection accuracy or optimizing spectral features (Chin et al
2023, Mahlein et al 2024, Manoj et al 2025), this study explores disease quantification from a measure-
ment perspective. In this view, disease severity is treated not as a directly observable variable, but as a
latent process shaped by canopy structure and observation conditions. This perspective enables the iden-
tification of non-stationary measurement regimes—conditions under which the relationship between
disease severity and UAV-derived signals varies in strength, bias, or uncertainty as a function of canopy
or epidemic state—and provides a framework for interpreting variability in UAV-based estimates. Within
this framework, canopy structure emerges as a key state variable influencing disease observability. By
shaping background effects, leaf overlap, illumination heterogeneity, and symptom visibility, canopy
cover acts as a structural filter that modulates the link between spectral signals and disease severity. As
a result, measurement error is better viewed as structured and dynamic, rather than purely random, and
dependent on canopy conditions.

This study aimed to develop a treatment-aware UAV measurement framework for yellow rust and
leaf rust epidemics in wheat, accounting for canopy-mediated observability. Specifically, this study aimed
at (i) quantifying human–UAV agreement under contrasting canopy cover regimes, (ii) demonstrating
that measurement error and bias are structured rather than random, and (iii) introducing a canopy-
normalized disease metric that yields robust and transferable fungicide rankings across sites and cul-
tivars. By challenging the assumption that disease severity is directly observable, this study introduces
a canopy-aware measurement framework in which plant disease is treated as a latent process filtered
by canopy structure and observation conditions. Rather than viewing UAV-derived estimates as direct
proxies of severity, we interpret them as measurement outputs shaped by canopy-mediated observability.
This reframes UAV-based disease assessment from a detection-oriented task to a measurement problem,
distinguishing our approach from studies focused mainly on classification accuracy or spectral feature
optimization.

2. Conceptual framework

Disease development is a latent biological process governed by host–pathogen interactions and environ-
mental forcing (Gilligan 2007). Observed disease severity represents a filtered manifestation of this pro-
cess, shaped by canopy structure and the properties of the measurement instrument. Fractional canopy
cover governs background effects, leaf overlap, illumination heterogeneity, and lesion visibility, thereby
acting as a state variable controlling disease observability (figure 1). Within this framework, fungicide
treatments influence disease dynamics and canopy structure simultaneously. As a result, observed severity
reflects a joint process linking latent disease burden, canopy-mediated observability, and measurement
noise. This perspective motivates agreement-based analyses and canopy-normalized metrics that explicitly
account for treatment effects on the measurement regime.

3. Materials andmethods

3.1. Experimental design and disease monitoring
Field trials were conducted across four representative winter wheat production sites in Luxembourg
(Bettendorf, Bicherhaff, Koerich, and Weiswampach; figure 2) during the 2018–2019 growing season.
The experimental design followed a fully randomized complete block structure with four replicates per
treatment, each plot covering 12 m2. Within each block, fungicide-treated and untreated control plots
were randomly distributed to minimize spatial bias. Two winter wheat (Triticum aestivum L.) cultivars,
Kerubino and Desamo, characterized by contrasting susceptibility levels to wheat yellow rust and wheat
leaf rust (Bundessortenamt 2018), were selected.

These cultivars were subjected to four fungicide regimes: an untreated control, a single-application
programme (T1), and multi-application programmes (T2/T3 equivalents, hereafter referred to as T3a
and T3b depending on timing strategies) (table 1). Fungicide applications were synchronized with key
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Figure 1. Conceptual framework of treatment-aware disease measurement in UAV-based crop monitoring. Fungicide treatments
simultaneously affect disease dynamics and canopy structure, thereby altering both the underlying disease burden and the mea-
surement regime. Disease severity from visual ratings or derived from UAV imagery reflects the combined influence of latent
disease, canopy-mediated observability, and measurement noise.

Figure 2. Study sites (a), wheat leaves infected by yellow rust (b) and leaf rust (c). Both diseases resulted from natural infection.

phenological stages (e.g. GS31–GS65), in accordance with standard agronomic recommendations and
site-specific disease risk conditions. Crop management practices, including sowing dates, fertilization,
and weed control, were consistent with regional farming practices to ensure agronomic realism.

Disease monitoring was conducted weekly from April to July 2019 through standardized visual
assessments. For each plot, ten plants were randomly selected and permanently marked at the beginning
of the season, resulting in 40 plants monitored per cultivar and per site. Disease incidence (proportion
of infected plants) and severity (percentage of diseased leaf area) were assessed repeatedly on the same
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Table 1. Overview of experimental design, fungicide treatments, and variables used in the study. GS31–GS65 indicate
phenological stages for the fungicide treatments T3a and T3b. The fungicides were commercially available and applied
according to manufacturer and official recommendations.

Category Description

Sites Bicherhaff, Bettendorf, Koerich, Weiswampach

Observation dates 15 May 2024May, 5 June, and 3 July 2019

Fungicide treatments Control: no fungicide application

T1: one application (1.5 l ha−1 Swing Gold+ 1 l ha−1 Bravo)

T3a: three applications (GS31: 0.75 l ha−1 Opus Team+ 1 l ha−1 Bravo; GS37:

1.5 l ha−1 Fandango+ 1 l ha−1 Bravo; GS59: 1.5 l ha−1 Swing Gold+ 1 l ha−1

Bravo)

T3b: three applications (GS31: 0.75 l ha−1 Opus Team+ 1 l ha−1 Bravo; GS37:

1.5 l ha−1 Fandango+ 1 l ha−1 Bravo; GS69: 1.5 l ha−1 Swing Gold+ 1 l ha−1

Bravo)

UAV-derived variables Fractional canopy cover (UAV_Fcover, %); UAV-based disease severity for yellow

and leaf rust (%); affected disease area (m2)

Visual assessments Rater-based disease severity for yellow rust and leaf rust (%)

Derived metric Canopy-normalized disease area (CNDA= Severity× UAV_Fcover× Plot area)

Total observations 320 plot-level observations

plants to capture temporal epidemic dynamics. This repeated-plant sampling strategy reduced within-
plot variability and ensured that changes in disease incidence and severity reflected epidemic progres-
sion rather than differences in plant selection over time. All disease assessments explicitly distinguished
between wheat yellow rust and leaf rust, and other prevailing diseases (i.e. Septoria leaf blotch, powdery
mildew).

Visual assessments were conducted by four different raters: two plant pathologists with extensive
experience in disease assessment and two agronomists also experienced in wheat disease assessment.
To maintain consistency and minimize observer bias across assessment dates, the same rater assessed
each replicate throughout the monitoring period. Stripe rust and leaf rust were evaluated separately
throughout the monitoring period to preserve disease-specific epidemic patterns and avoid merging
the dynamics of two pathosystems. Disease severity was visually assessed using the modified Cobb scale
(Peterson et al 1948). To evaluate the reproducibility and consistency of visual disease assessments, inter-
rater agreement was assessed using an independently scored subset of observations spanning the full
range of canopy conditions, disease severities, cultivars, sites, and assessment dates encountered during
the study. Agreement was quantified using concordance-based metrics, thereby allowing the evaluation
of both measurement consistency and potential observer-dependent bias. An overview of experimental
design, study sites, cultivars, fungicide treatments, observation dates, and measured variables is provided
in table 1.

3.2. UAV data acquisition, canopy cover and disease severity estimation
High-resolution RGB imagery was acquired over all experimental plots at four key dates using an UAV
equipped with an onboard RGB sensor (DJI Phantom 4 Pro, DJI, China), following a standardized
acquisition protocol (Heidarian Dehkordi et al 2020). Flights were conducted at 10 m above ground level
under nadir view, with an airspeed of 4 m s−1, 85% front overlap, and 75% side overlap, resulting in a
ground sampling distance of approximately 0.28 cm; flight missions were planned using Pix4Dcapture
software (Pix4D S.A., Lausanne, Switzerland). To minimize radiometric inconsistencies across dates and
sites, image acquisition was restricted to stable illumination conditions and preprocessing included radio-
metric normalization procedures. Image acquisition campaigns were synchronized with key phenological
stages (from stem elongation to grain filling) and aligned with disease assessment dates to ensure tempo-
ral consistency between spectral and visual observations.

All images were processed using photogrammetric workflows (Pix4Dmapper) to generate georefer-
enced orthomosaics suitable for quantitative analysis of canopy cover and disease severity. Fractional
canopy cover (UAV_Fcover, %) was derived from RGB imagery using vegetation segmentation tech-
niques. In contrast to conventional approaches where canopy cover is treated as a secondary descrip-
tor, UAV_Fcover was here explicitly considered as a state variable controlling disease observability, as it
directly influences background reflectance, leaf overlap, illumination heterogeneity, and lesion visibility.
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RGB orthomosaics were first radiometrically normalized to reduce illumination differences among
acquisition dates and sites. Individual experimental plots were subsequently extracted from the orthomo-
saics using predefined plot boundaries. Vegetation pixels were segmented from soil and background ele-
ments using canopy-specific RGB thresholding procedures adapted to canopy development stage. Disease
severity estimation was then performed through symptom extraction algorithms previously validated for
wheat rust epidemics (Heidarian Dehkordi et al 2020), which identify rust-related discoloration patterns
within segmented vegetation areas and quantify the proportion of symptomatic canopy pixels relative to
total vegetation pixels.

The disease-severity workflow therefore consisted of four successive steps: (i) radiometric normaliza-
tion of RGB orthomosaics, (ii) plot extraction, (iii) vegetation segmentation, and (iv) disease symptom
extraction and severity quantification.

Quality-control procedures were applied throughout the processing chain and included visual inspec-
tion of orthomosaics, removal of image artefacts caused by motion blur or illumination anomalies, ver-
ification of plot boundaries, exclusion of incomplete plot images, and consistency checks among acqui-
sition dates. These procedures ensured that disease estimates reflected biological variability rather than
image-processing artefacts.

Disease severity for yellow rust and leaf rust was estimated from UAV RGB imagery using previously
validated approaches (Heidarian Dehkordi et al 2020). It is important to note that both UAV-derived and
visually assessed disease severities were treated as observational estimates of an underlying latent disease
process, rather than as direct ground truth measurements, in line with measurement theory considera-
tions (Bland and Altman 1986, Lin 1989).

3.3. The canopy-normalized disease area (CNDA)
To integrate disease intensity, the observable canopy domain, and the spatial extent over which symp-
toms occur, we defined a CNDA (equation (1)):

CNDA= Severity× (UAV_Fcover/100)×Plot_area (1)

where Severity represents UAV-derived disease severity expressed as the percentage of diseased leaf area,
UAV_Fcover represents UAV-derived fractional green canopy cover, and Plot_area corresponds to the
surface area of each experimental plot.

The quantity Severity × UAV_Fcover × Plot_area should be interpreted as an estimate of the effec-
tive observable diseased canopy area rather than the absolute area of infected leaf tissue. This distinction
is central to the rationale of the metric. Disease severity alone provides information on the proportion of
symptomatic tissue but does not account for the structural domain within which symptoms can develop
and be detected. Consequently, two plots exhibiting identical severity values may differ substantially
in the amount of observable disease if their canopy architectures differ. By incorporating UAV-derived
canopy cover, CNDA accounts for these structural differences and provides a more realistic representa-
tion of disease expression at the canopy scale. The metric was therefore designed to capture the interac-
tion between symptom intensity and canopy development, which is particularly relevant in UAV-based
phenotyping where disease observability depends not only on symptom severity but also on the extent of
the canopy available for symptom expression and detection.

For all calculations, disease severity and UAV_Fcover were converted from percentages to fractional
values before multiplication. Thus, a plot exhibiting 10% disease severity and 80% canopy cover over a
12 m2 plot corresponds to CNDA = 0.10 × 0.80 × 12 = 0.96 m2-equivalent. The resulting unit there-
fore represents an effective observable diseased canopy area rather than the absolute area of infected tis-
sue. The CNDA metric was introduced to reduce treatment-induced bias in disease estimation because
fungicide applications may modify canopy structure through delayed senescence, preservation of green
leaf area, and changes in canopy density and architecture. These structural modifications can alter dis-
ease observability independently of the underlying disease process (Robert et al 2008, Vidal et al 2017).

Importantly, CNDA should not be interpreted as a direct estimate of pathogen biomass, infection
intensity, or total biological disease burden. Rather, it quantifies disease expression within the observable
canopy domain available to both visual raters and UAV sensors. Consequently, low CNDA values may
arise either from low disease expression or from a reduced observable canopy domain caused by senes-
cence, canopy degradation, or severe disease-induced tissue loss.

CNDA should therefore be interpreted as a canopy-aware observational metric designed to improve
comparability among treatments exposed to contrasting canopy structural conditions rather than as a
biologically absolute measure of disease burden. Its primary purpose is to standardize disease observa-
tions across heterogeneous canopy states and to reduce canopy-mediated distortions that may influence
disease quantification.
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3.4. Statistical analysis
Treatment effects were analysed using hierarchical mixed-effects models in R (version 4.4.1) (R Core
Team 2024). Treatment, cultivar, and disease type (yellow rust or leaf rust) were modelled as fixed
effects, while site, plot, and observation date were included as random effects to account for spatial vari-
ation, repeated measurements, and temporal dependence. Plot identity was retained to avoid pseudo-
replication.

Complete mixed-effects model outputs are reported in supplementary table S1 to facilitate repro-
ducibility and independent assessment of model performance. The supplementary information includes
fixed-effect estimates, standard errors, confidence intervals, variance components, goodness-of-fit mea-
sures, residual diagnostics, and model validation statistics.

Rolling moving-window correlations were calculated using a five-point moving window. Boundary
windows with fewer than five observations were excluded, and correlations were therefore computed only
for complete windows. Correlations were calculated separately for yellow rust and leaf rust by pooling
observations across the four experimental sites. Temporal trajectories of UAV-derived disease severity,
visual disease severity, UAV_Fcover, and CNDA were analysed across observation dates, with mean pro-
files calculated separately for yellow rust and leaf rust. Following epidemiological frameworks (Jeger et al
2007), canopy structure and disease severity were treated as interacting processes.

Error landscapes were generated by pooling observations across the four sites to highlight general-
izable patterns. Uncertainty in CNDA-based treatment rankings was assessed with a non-parametric
bootstrap using 2000 resamples, from which treatment values, ranking positions, and 95% confidence
intervals were recalculated. Agreement metrics (CCC, MAE, RMSE, and bias) were interpreted alongside
canopy-class sample sizes and regime-consistency analyses, either by disease or jointly to identify broader
patterns.

Agreement between UAV-derived and visually assessed disease severity was evaluated using Lin’s con-
cordance correlation coefficient (CCC) (Lin 1989), Pearson correlation coefficient, mean absolute error
(MAE), root mean square error (RMSE), and Bland–Altman bias (Bland and Altman 1986). Together,
these metrics describe association, agreement, and systematic deviation. CCC ranges from 0 (no concor-
dance) to 1 (perfect concordance). Metrics were stratified according to canopy cover classes to identify
canopy-dependent measurement regimes and evaluate whether UAV–visual agreement remained stable
across canopy development stages.

Canopy cover was classified into three biologically meaningful categories based on canopy closure
status and expected changes in symptom observability: low canopy cover (<60%), corresponding to
open canopies with substantial soil background exposure; intermediate canopy cover (60%–80%), rep-
resenting transitional canopy closure conditions; and high canopy cover (>80%), corresponding to near-
complete canopy closure characterized by increased leaf overlap, reduced background effects, and altered
lesion visibility. These thresholds were selected a priori to represent distinct structural states of canopy
development rather than statistical quantiles of the dataset and are consistent with agronomic interpreta-
tions of crop canopy closure dynamics.

4. Results

4.1. Overall agreement between UAV and rater assessments
Inter-rater agreement remained consistently high across sites, cultivars, disease severity levels, and
observation dates, indicating strong reproducibility of visual disease assessments and limited observer-
dependent variability. These findings support the reliability of the visual reference dataset used through-
out the study and reinforce confidence in subsequent UAV–rater agreement analyses.

Agreement between UAV- and rater-based estimates was influenced by canopy conditions. Indeed,
although UAV- and rater-based disease severity estimates showed strong overall agreement for both yel-
low rust and leaf rust (figures 3(a) and (c)), dispersion increased with disease intensity. Lin’s CCC con-
firmed high agreement overall but revealed substantial variability across canopy cover classes (table 2).
The CCC decreased markedly with increasing canopy cover for both diseases, with values ranging from
0.883 to 0.667 for yellow rust, and 0.950–0.226 for leaf rust. The agreement metrics indicated a non-
stationary human–UAV relationship, with concordance and bias strongly modulated by canopy cover.

4.2. Canopy-dependent measurement bias
UAV and visual assessments were closely aligned for both diseases. For yellow rust, UAV and rater esti-
mates were strongly correlated (Pearson r = 0.94) (figure 3(a)). Similarly, for leaf rust, UAV and visual
assessments were also strongly correlated (Pearson r = 0.95) (figure 3(a)). Although UAV-derived and
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Figure 3. Comparison of UAV-derived and visual disease assessments for rust severity. Relationships between UAV-estimated
severity and field raters’ scores for yellow rust (a) and leaf rust (c). Absolute residuals (|UAV–Rater|) plotted against UAV canopy
cover for yellow rust (b) and leaf rust (d). Dashed lines indicate zero bias. Variability increases at lower canopy cover, while a
slight negative bias is observed at higher canopy cover, suggesting reduced sensitivity of UAV estimates under dense canopies.

Table 2. Agreement between UAV- and rater-based disease assessments across canopy cover classes. CCC: Lin’s
concordance correlation coefficient; MAE: mean absolute error; RMSE: root mean square error; Bias: systematic bias
derived from Bland–Altman analysis. Canopy cover was grouped into three classes: low (<60%), medium
(60%–80%), and high (>80%).

Disease Canopy cover class n CCC (Lin) MAE RMSE Bias (UAV–Rater)

Yellow rust Low 102 0.883 1.297 1.752 0.319

Medium 126 0.823 0.854 1.225 0.112

High 44 0.667 0.814 1.064 −0.185

Leaf rust Low 102 0.95 2.027 3.089 0.561

Medium 126 0.681 0.84 1.287 0.378

High 44 0.226 1.064 1.516 −0.801
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Figure 4. Bland–Altman plots showing the agreement between UAV-derived and rater-based estimates of yellow rust (a) and leaf
rust (b) severity. The x-axis represents the mean disease severity obtained from UAV and visual assessments, while the y-axis
represents the difference between methods (UAV–Rater). Solid horizontal lines indicate the mean bias, and dashed lines represent
the 95% limits of agreement.

rater-based severity estimates were strongly correlated for both yellow rust and leaf rust (figure 3), this
association did not indicate consistent measurement agreement. Instead, strong correlations coincided
with substantial residual dispersion and pronounced canopy-dependent bias, particularly in residuals
plotted against UAV-derived canopy cover (figures 3(b) and (d)). Differences between UAV and rater
estimates decreased markedly as canopy cover increased (Pearson r = −0.62; figures 3(b) and (d)).
Sparse canopy conditions were associated with larger and more variable errors, whereas near-complete
canopy closure produced a stable measurement regime. Measurement error decreased significantly
(p < 0.001) as canopy cover approached full closure, revealing a non-random, canopy-mediated regime
of disease observability. Fungicide-induced canopy differences systematically affect disease measure-
ment across site and cultivar. These results indicate that measurement error is structured rather than
stochastic, following a canopy architecture–driven gradient with distinct regimes across the canopy clo-
sure continuum.

Bland–Altman analysis further highlighted systematic bias and wide limits of agreement under low
canopy cover in both diseases (figure 4). Agreement for yellow rust remained stable across most severity
ranges, with greater dispersion only at intermediate levels. Leaf rust showed much stronger heteroscedas-
ticity and wider limits of agreement, especially in dense canopies and at higher severity.
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Figure 5. Aggregated error landscape of UAV-based disease estimation across canopy cover and disease severity gradients in win-
ter wheat. (a) yellow rust; (b) leaf rust. Values were averaged across all experimental plots from the four study sites. Each cell
corresponds to the mean error within a given canopy cover–disease severity bin.

4.3. Structured error across canopy cover and epidemic intensity
Mapping measurement error across the joint space of canopy cover and disease severity revealed a struc-
tured, non-random error landscape (figure 5). Error landscapes revealed structured patterns across
canopy cover and disease severity gradients. These patterns indicate that canopy structure and disease
severity cannot be treated as independent sources of variation but instead form a coupled system that
jointly determines measurement error. High error values were consistently observed under sparse canopy
conditions and during specific epidemic phases, with peak MAEs reaching approximately 29% for yel-
low rust and 50% for leaf rust. These patterns demonstrate that observability was jointly controlled by
canopy structure and epidemic phase. Error patterns were not uniformly distributed but concentrated
in specific regions of the canopy cover–disease severity space. This joint dependency confirms that both
structural (canopy) and epidemiological (disease progression) processes interact to determine the reliabil-
ity of UAV-based disease estimates.

The temporal analyses (figures 6 and 7) support this interpretation by showing that these error struc-
tures emerged and dissipated through time rather than remaining fixed throughout the season. Disease
severity, canopy cover, and CNDA followed partially asynchronous trajectories (figure 6). The CNDA fol-
lowed more regular temporal trajectories than raw severity, particularly during the transition between
intermediate and high canopy cover stages (figure 6(c)), suggesting that canopy normalization not only
improves spatial and treatment comparability but also reduces time-dependent distortions in disease
measurement. Divergence between UAV-derived and visually assessed disease severity increased during
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Figure 6. Temporal dynamics of disease severity (a), canopy structure (b), and canopy-normalized disease burden (CNDA) (c)
across observation dates (moving window centre). Shaded regions in panel (c) represent distinct observational regimes corre-
sponding to early, transition, and saturation phases of epidemic development. Solid blue and dashed orange lines in panels (a)
and (c) represent yellow rust and leaf rust, respectively. Points on the x-axis correspond to interpolated moving-window centres.

Figure 7. Temporal evolution of spectral–disease coupling across observation dates. Rolling moving-window correlation coef-
ficients between UAV-derived disease estimates and visually assessed severity are shown for yellow rust (solid blue line with
circles) and leaf rust (dashed orange line with squares). The x-axis represents moving-window centres derived from the inter-
polated temporal sequence. The light-blue, blue, and pale-blue shaded areas indicate the early, coupled, and saturation phases,
respectively.
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Table 3. Treatment effects on canopy-normalized disease burden with bootstrap confidence intervals. CI_low and
CI_high correspond to the lower and upper bounds of the confidence intervals. T1 is a single application, T3a and T3b
use three applications with different timings.

Canopy-normalized disease area

Disease Treatment Mean CI_low CI_high ∆ vs Control

Yellow rust Control 0.0786 0.0613 0.0971 —

T1 0.0854 0.0658 0.1071 0.0069

T3a 0.0819 0.0628 0.1003 0.0033

T3b 0.0982 0.0799 0.1184 0.0196

Leaf rust Control 0.0429 0.032 0.0542 —

T1 0.068 0.0469 0.097 0.0252

T3a 0.0604 0.0464 0.0749 0.0175

T3b 0.0515 0.0368 0.0675 0.0086

intermediate canopy stages, when canopy closure and epidemic intensity evolved simultaneously, and
decreased again at later stages when canopy structure became more stable (figure 7).

The rolling correlation analysis (figure 7) provides an explicitly temporal expression of these regimes.
In the early phase, correlation coefficients remained low and unstable, reflecting weak coupling between
spectral response and disease severity. During the coupled phase, correlation increased markedly for both
yellow rust and leaf rust, indicating optimal alignment between spectral signal and disease expression. In
the saturation phase, correlation declined despite increasing disease severity, suggesting reduced spectral
sensitivity under dense canopy conditions.

4.4. Treatment-induced confounding of severity-based comparisons
Fungicide treatments significantly modified canopy cover trajectories, particularly during later epidemic
stages. Treatment rankings based on raw severity metrics varied across sites and dates, reflecting con-
founding between disease suppression and canopy-mediated observability. Fungicide treatments might
have affected simultaneously both the biological process (disease progression) and the observation pro-
cess (disease visibility), resulting in a treatment-induced confounding effect. Severity-based comparisons
alone might misrepresent fungicide efficacy by capturing differences in observability rather than true dif-
ferences in disease burden.

4.5. Canopy-normalized disease burden and treatment ranking
Table 3 presents the treatment effects on CNDA for both diseases. Confidence intervals associated with
CNDA values are explicitly reported, providing a direct quantification of uncertainty. CNDA values
were lower compared to those of fungicide-treated plots. This counterintuitive result does not indicate
improved disease control but reflects a measurement artefact driven by canopy-mediated observabil-
ity. Treated plots maintained denser canopies, increasing symptom visibility, whereas sparse canopies
in untreated plots reduced lesion detectability. To further explore this potential mechanism, additional
analyses were conducted using UAV-derived fractional canopy cover (UAV_Fcover) across fungicide treat-
ments (figure 8). During the later stages of epidemic development, untreated plots consistently exhibited
lower canopy cover than fungicide-treated plots, indicating that disease management influenced not only
disease severity but also canopy structure (figures 8(a) and (b)). These differences in canopy architecture
may, in turn, have affected symptom observability and therefore contributed to the observed CNDA tra-
jectories. By maintaining larger fractions of healthy green canopy, fungicide-treated plots likely preserved
a greater observable domain within which disease symptoms could be expressed and detected.

However, the overlap among bootstrap confidence intervals (table 3) indicates that CNDA should not
be interpreted as providing statistically distinct separation among fungicide treatments. Rather, the met-
ric primarily supports relative ranking consistency and effect-size interpretation while explicitly account-
ing for canopy-mediated observational variability.

The principal contribution of CNDA is therefore not to provide a biologically superior measure of
disease burden, nor to replace conventional disease severity assessments, but rather to reduce canopy-
mediated observational distortions that may influence treatment comparisons. By accounting for struc-
tural differences among canopies, CNDA facilitates more robust comparisons of disease expression across
heterogeneous observation conditions.

Consequently, part of the treatment-related variation in CNDA may reflect differences in canopy
structure and symptom visibility, in addition to differences in disease intensity alone (figures 8(c)
and (d)).
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Figure 8. Fungicide-induced differences in canopy cover and disease observability. The temporal dynamics of UAV-derived
fractional green canopy cover (UAV_Fcover) for (a) yellow rust and (b) leaf rust, and corresponding treatment-level distribu-
tions across all dates (c) and (d). Lines show means with 95% confidence intervals; boxplots summarize plot-level distributions.
Statistical differences among treatments were evaluated using Tukey’s HSD tests, with ∗, ∗∗, and ∗∗∗ denoting statistical signifi-
cance at α= 0.05, α= 0.01, and α= 0.001, respectively.

Treatment rankings based on CNDA differed markedly from those derived from raw severity
(figure 9). Canopy-normalized disease burden yielded a more discriminative and robust ranking of
fungicide treatments than raw severity metrics. The CNDA reduced variability across sites and improved
the consistency of treatment ranking, demonstrating its capacity to harmonize comparisons across het-
erogeneous canopy conditions. This confirms that integrating canopy structure into disease metrics is
essential to obtain biologically meaningful and comparable estimates of treatment performance.

Although CNDA generated more stable treatment rankings across sites, cultivars, and canopy condi-
tions, the substantial overlap among bootstrap-derived confidence intervals (table 3) indicates that sev-
eral apparent differences among fungicide treatments should not be interpreted as statistically distinct
treatment effects.

Consequently, CNDA should be viewed primarily as a framework for improving ranking consistency
and effect-size interpretation across heterogeneous observational conditions rather than as a tool for
definitive statistical separation among treatments.

These findings suggest that accounting for canopy-mediated observability can improve the robustness
of treatment comparisons, while uncertainty estimates remain essential for avoiding over-interpretation
of ranking differences.

4.6. Measurement-driven ranking shifts
Direct comparison of fungicide-treatment rankings derived from raw disease severity and the CNDA
revealed disease-specific ranking shifts for both yellow rust and leaf rust (figure 10). These shifts pro-
vide empirical evidence that fungicide-induced modifications of canopy structure could substantially
alter conventional severity-based treatment comparisons. Although some treatments maintained sim-
ilar relative positions across methods, others exhibited marked ranking inversions after canopy nor-
malization, indicating that canopy-mediated observability strongly influences perceived treatment per-
formance. Importantly, the magnitude and direction of these ranking shifts differed between yellow
rust and leaf rust, suggesting that the interaction between canopy structure and disease expression is
pathosystem-dependent.
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Figure 9. Treatment effects on canopy-normalized disease area (CNDA) for yellow rust (a) and leaf rust (b). Bars represent
mean CNDA values for each fungicide treatment, and error bars indicate bootstrap-derived 95% confidence intervals. CNDA
is expressed as an effective diseased canopy area (m2-equivalent).

4.7. Statistical regimes of agreement
Agreement metrics exhibited a clear canopy-dependent evolution, with systematic changes in concor-
dance, error magnitude, and bias across canopy cover classes (table 4). These patterns confirm the exis-
tence of distinct measurement regimes governed by canopy structure. Three dominant regimes were
identified: (i) a low-canopy regime characterized by high variability and background-driven noise, (ii)
a transitional regime with improving agreement, and (iii) a high-canopy regime with reduced variability
but potential systematic bias. These regimes provide a conceptual framework for interpreting UAV-based
disease measurements and highlight the need for canopy-aware evaluation strategies.

5. Discussion

5.1. UAV-based disease estimation as a measurement problem
Most UAV-based studies on plant disease monitoring have been framed as detection, mapping, or pre-
diction problems, with emphasis placed on spectral feature extraction, machine learning performance,
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Figure 10. Effect of canopy normalization on fungicide treatment ranking for yellow rust (a) and leaf rust (b). Blue bars indicate
rankings based on raw severity, whereas orange bars indicate rankings based on CNDA. Lower rank values indicate better appar-
ent treatment performance. Differences between blue and orange bars reveal how accounting for canopy-mediated observability
can modify the interpretation of fungicide efficacy.

Table 4. Canopy-dependent agreement regimes between UAV- and rater-based disease assessments across yellow rust and leaf rust
epidemics. Agreement, correlation, and error statistics are reported across canopy cover classes. Metrics include the Pearson’s coefficient
of determination (R2), Lin’s concordance correlation coefficient (CCC), mean absolute error (MAE), root mean square error (RMSE),
and systematic bias (UAV–rater).

Disease Canopy cover class n R2 (−) CCC (−) MAE (%) RMSE (%) Bias (%)

Dominant measurement

regime

Yellow rust Low (<60%) 102 0.91 0.883 1.297 1.752 0.319 High concordance but unstable

regime dominated by

background noise and

heterogeneous lesion visibility

Medium (60%–80%) 126 0.87 0.823 0.854 1.225 0.112 Transitional regime with

reduced bias and improving

measurement stability

High (>80%) 44 0.79 0.667 0.814 1.064 −0.185 Structurally buffered regime

with stable signal but slight

UAV underestimation

Leaf rust Low (<60%) 102 0.9 0.95 2.027 3.089 0.561 Strong association but highly

heteroscedastic measurement

regime

Medium (60%–80%) 126 0.73 0.681 0.84 1.287 0.378 Transitional regime with

improved agreement and

reduced dispersion

High (>80%) 44 0.41 0.226 1.064 1.516 −0.801 Dense-canopy regime

characterized by systematic

UAV underestimation

or early symptom recognition (Mahlein 2016, Khan et al 2018, Gao et al 2025, Logavitool et al 2025).
While these approaches have substantially advanced operational capabilities, they implicitly assume a sta-
ble and unbiased relationship between observed spectral signals and disease severity. Our results suggest
that the measurement regime is dynamic and influenced by management. Fungicide treatments can alter
canopy structure and, in turn, affect how disease is seen by both UAV sensors and human raters. If this
is ignored, models may appear accurate but not fully reflect true disease burden. This study therefore
treats UAV-based disease quantification as a measurement problem that requires explicit modelling of the
observation process.
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Our finding aligns with broader insights from measurement science, where it is well established that
high correlation or predictive accuracy does not guarantee valid measurement if the observation opera-
tor is mizcharacterized (Bland and Altman 1986, Lin 1989, McClintock et al 2010, Morrison 2016). By
separating disease processes from what can be observed, our approach links plant epidemiology with
measurement theory and moves beyond purely data-driven models. It also highlights limits of detection-
based methods by treating UAV-based disease estimation as a measurement process shaped by canopy-
mediated observability.

These findings further support the interpretation that UAV-derived disease estimates should be con-
sidered observational outputs influenced by canopy structural conditions rather than direct measure-
ments of the underlying biological disease process. Consequently, disease assessment should be viewed
not only as a detection problem but also as a measurement problem in which canopy-mediated observ-
ability plays a central role.

5.2. Canopy cover as a state variable of disease observability
Fractional canopy cover emerged as a dominant driver of human–UAV agreement and measurement
bias, acting as a state variable that controls disease observability. Under sparse canopies, soil background
reflectance, heterogeneous leaf orientation, and incomplete lesion aggregation amplify uncertainty in
both visual and RGB-based assessments. As canopy closure progresses, these sources of variability dimin-
ish, and the optical signal increasingly reflects an integrated canopy response. Such a pattern is consistent
with studies highlighting the role of canopy structure, background effects, and illumination geometry
in shaping reflectance signals (Asner 1998, Jafarbiglu and Pourreza 2023, Liu et al 2024, Raman et al
2026). Instead of separating canopy and disease effects, this study suggests that they are closely linked
and together shape disease observability. In many UAV-based disease monitoring studies, canopy struc-
ture is typically regarded as a source of observational variability to be minimized. In contrast, our find-
ings suggest that canopy cover may instead serve as an observation-state variable that influences how
underlying disease burden is translated into measurable disease signals.

It should be noted that the unequal distribution of observations among canopy-cover classes may
have influenced the precision and generalizability of regime-specific agreement estimates. In particular,
the high-canopy class (>80% UAV_Fcover) contained substantially fewer observations (n = 44) than
the low- and medium-canopy classes (n = 102 and 126, respectively; table 2). This limitation is espe-
cially relevant for leaf rust, where the concordance correlation coefficient declined markedly under high-
canopy conditions. Consequently, results associated with the dense-canopy regime should be interpreted
with appropriate caution and regarded as preliminary rather than conclusive. Despite this limitation, the
overall pattern remained consistent with the proposed canopy-dependent measurement framework, sug-
gesting that canopy structure influences both UAV–rater agreement and disease observability. Further
studies incorporating larger and more balanced datasets across canopy-cover classes will be important to
confirm the robustness and stability of these measurement regimes.

The strong canopy dependence observed in the present study is consistent with previous reports
showing that canopy architecture influences symptom visibility, illumination heterogeneity, leaf overlap,
and sensor performance. These structural effects contribute to non-stationary measurement behaviour
and partly explain why disease assessment accuracy may vary across epidemic stages despite similar dis-
ease severities.

5.3. Agreement-based evaluation of UAV disease estimates
A persistent limitation in the UAV imagery-based disease literature is the reliance on correlation-based
validation. High Pearson or Spearman correlations are often interpreted as evidence of measurement reli-
ability, despite long-standing warnings that correlation does not assess agreement (Bland and Altman
1986, Edwards et al 2021). Our results provide a clear empirical illustration of this issue: strong associa-
tion between UAV- and rater-based estimates can coexist with substantial bias and heteroscedastic error.
By combining Bland–Altman analysis with Lin’s CCC and stratifying these metrics by canopy cover, we
showed that measurement quality was regime-dependent rather than uniform. Agreement-based diag-
nostics provide a useful complement to correlation metrics when interpreting UAV-derived disease esti-
mates. This aligns UAV-based disease assessment with best practices in environmental measurement sci-
ence, where agreement—not correlation—is the standard criterion for evaluating measurement validity
(Schober et al 2018, Edwards et al 2021, Correia et al 2026).

The structured error landscapes further indicate that canopy cover and disease severity cannot
be treated as independent sources of variation. Instead, both variables interact dynamically to deter-
mine symptom observability and measurement reliability, supporting the concept of canopy-dependent
observational regimes.
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5.4. Treatment-induced confounding and its consequences
The treatment ranking shifts provide empirical evidence that fungicide efficacy assessments depend on
the measurement framework (figure 9). Fungicide strategies that keep leaves green for longer and delay
senescence can change canopy structure, how disease is seen. This phenomenon represents a form of
treatment-induced confounding, whereby management practices influence both the biological process
of interest and the observation process itself. Similar issues have been reported in ecological monitor-
ing, where management affects detectability rather than abundance alone (Tyre et al 2003, MacKenzie
et al 2017). However, they have rarely been demonstrated quantitatively in plant disease remote sensing.
Our study provides one of the first quantitative demonstrations of this confounding mechanism in UAV-
based plant disease monitoring. Severity-based comparisons may therefore yield inconsistent or contra-
dictory estimates of fungicide efficacy across sites, cultivars, or epidemic stages.

Fungicide treatments therefore affected simultaneously both the biological process (disease progres-
sion) and the observation process (disease visibility). This dual influence creates a treatment-induced
observational confounding effect that may bias conventional severity-based treatment comparisons if
canopy structure is not explicitly considered.

5.5. The originality of canopy-normalized disease burden
The CNDA metric represents a shift from severity-centric to burden-centric disease quantification.
Severity reflects relative symptom expression but not the canopy extent or structure through which dis-
ease is expressed. By combining severity, fractional canopy cover, and plot area, the CNDA estimates an
effective diseased canopy area with clearer physical and biological meaning. Importantly, CNDA should
not be interpreted as a direct estimate of pathogen biomass, infection intensity, or total biological disease
burden. Rather, it quantifies disease expression within the observable canopy domain available to both
visual raters and UAV sensors.

Consequently, low CNDA values may arise either from genuinely low disease expression or from a
reduced observable canopy domain resulting from senescence, canopy degradation, or severe disease-
induced tissue loss. The metric therefore captures the interaction between disease severity and canopy
structure rather than the absolute biological burden of infection.

Importantly, CNDA should not be interpreted as a new empirical index, but as a conceptual frame-
work for harmonizing disease measurements across heterogeneous canopy conditions. Accounting for
canopy-mediated observability can alter agronomic inference, particularly when evaluating fungicide
efficacy. The CNDA integrates disease severity and canopy structure and was selected because it retains
a clear physical interpretation as effective diseased canopy area. Spectral-index-only approaches do not
capture this combined effect.

Although CNDA generated more stable treatment rankings across sites, cultivars, and canopy condi-
tions, the overlap among bootstrap confidence intervals indicates that several apparent differences among
fungicide treatments should not be interpreted as statistically distinct treatment effects. Consequently,
CNDA primarily supports ranking consistency and effect-size interpretation rather than definitive
treatment separation.

The principal contribution of CNDA is therefore not to provide a biologically superior measure of
disease burden, nor to replace conventional disease severity assessments, but rather to reduce canopy-
mediated observational distortions that may influence treatment comparisons. By accounting for struc-
tural differences among canopies, CNDA improves canopy-aware observational comparability across het-
erogeneous observation conditions.

The value of CNDA lies principally in reducing observational confounding rather than increasing
statistical power. Within this framework, CNDA should be viewed as an observational harmonization
tool that improves canopy-aware comparability rather than a replacement for biological disease metrics.

5.6. Implications and future research pathways
Operationally, UAV-based disease monitoring systems should incorporate canopy-aware uncertainty
information rather than relying exclusively on deterministic disease severity maps. Canopy cover may
serve as an indicator of measurement reliability and could be integrated into decision-support frame-
works to flag potentially uncertain disease estimates, refine intervention thresholds, or trigger comple-
mentary field observations. These findings support the development of disease monitoring systems that
are both data-driven and measurement-aware by explicitly accounting for canopy-related uncertainty
during disease quantification and management decisions.

An important implication of this study is that disease quantification should not be viewed solely as
a detection problem but also as a measurement problem. In UAV-based disease monitoring, observed
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disease severity reflects not only the underlying epidemiological process but also the structural condi-
tions governing symptom observability. Canopy architecture, leaf overlap, senescence dynamics, back-
ground reflectance, illumination heterogeneity, and symptom visibility collectively influence how dis-
ease symptoms are expressed and detected by both human observers and remote sensing systems.
Consequently, disease estimates may contain a structural component linked to observability in addition
to the biological signal itself.

Within this framework, the CNDA provides a means of integrating disease severity with canopy
structure and spatial context. Importantly, CNDA should be interpreted as a canopy-aware observational
metric rather than as a direct measure of pathogen biomass, infection intensity, or absolute biological
disease burden. The metric does not quantify pathogen population size, lesion density, infection effi-
ciency, sporulation potential, or epidemic intensity per se. Instead, it quantifies disease expression within
the observable canopy domain available to both visual raters and UAV sensors, thereby reducing struc-
tural biases associated with differences in canopy development and canopy closure.

Accordingly, the principal value of CNDA lies in improving canopy-aware comparability among
treatments exposed to contrasting structural conditions rather than providing a biologically superior
measure of disease. The metric was specifically designed to harmonize disease observations across het-
erogeneous canopy states and to reduce canopy-mediated observational distortions that may influence
conventional severity-based comparisons.

This distinction is particularly important when evaluating fungicide efficacy. Successful fungicide
applications frequently modify canopy structure simultaneously with disease progression through delayed
senescence, maintenance of green leaf area, and changes in canopy architecture (Robert et al 2008, Vidal
et al 2017). Consequently, part of the apparent treatment effect observed through conventional disease
severity assessments may originate from changes in symptom observability rather than from disease sup-
pression alone. Accounting for canopy-mediated observability may therefore improve the interpretation
of treatment performance and strengthen the robustness of UAV-based disease assessment frameworks.

The treatment-ranking analyses further illustrate this point. CNDA generated treatment rankings that
were generally more consistent across sites, cultivars, and canopy conditions than rankings derived solely
from disease severity. However, these ranking differences should be interpreted cautiously. Although
CNDA frequently improved ranking consistency and clarified effect-size direction, overlapping bootstrap
confidence intervals indicate that several treatment differences cannot be considered statistically distinct.
Consequently, CNDA should primarily be viewed as a tool for improving ranking stability and effect-size
interpretation rather than as evidence of definitive statistical separation among fungicide treatments.

More generally, the value of CNDA lies principally in reducing observational confounding associated
with canopy structure rather than increasing statistical power. Improvements in treatment comparability
do not necessarily imply stronger treatment effects but instead reflect a reduction in canopy-mediated
measurement distortions that may influence disease quantification.

The present study was conducted under a specific set of experimental conditions involving one grow-
ing season, four field sites, two wheat cultivars, RGB imagery, and two rust pathosystems. Although the
observed relationships were highly consistent across sites and diseases, caution is warranted when extrap-
olating these findings beyond the conditions investigated here. Broader validation across multiple grow-
ing seasons, additional cultivars, wider disease severity ranges, different environmental conditions, and
alternative disease pathosystems will be necessary before the proposed framework can be considered uni-
versally transferable.

Future research should therefore investigate the applicability of canopy-aware measurement frame-
works across a broader range of crops, diseases, and sensing technologies. Particular attention should be
given to evaluating whether similar canopy-mediated observability effects occur in pathosystems char-
acterized by different symptom architectures, disease distributions, and epidemic dynamics. Additional
studies should also assess the robustness of CNDA using multispectral, hyperspectral, thermal, and
emerging sensor platforms capable of capturing complementary information on plant physiological status
and disease development.

Furthermore, because canopy classes were not equally represented in the present dataset, agreement
statistics obtained under near-complete canopy closure (>80% canopy cover) should be interpreted with
appropriate caution. Nevertheless, the observed decline in UAV–visual agreement under dense canopy
conditions was consistently detected across both yellow rust and leaf rust epidemics, suggesting that the
identified canopy-dependent measurement regime reflects a genuine biological and observational phe-
nomenon rather than a sampling artefact. Future datasets containing larger numbers of observations
under fully closed-canopy conditions would further strengthen the robustness of these conclusions.

Ultimately, these results suggest that future advances in UAV-based disease monitoring may depend
not only on improvements in sensor performance or machine-learning algorithms but also on a better
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understanding of the biological and structural factors that govern disease observability. Integrating mea-
surement theory, canopy structure, and epidemiological processes may therefore provide a more robust
foundation for next-generation disease monitoring systems in precision agriculture.

5.7. Limitations and implications
While canopy normalization improved the comparability of disease assessments across treatments and
sites, the CNDA framework remains influenced by severe canopy deterioration during advanced epi-
demic stages. In heavily affected untreated plots, accelerated senescence and canopy collapse reduced
the observable canopy domain available for symptom expression and detection. As a result, low CNDA
values under sparse-canopy conditions may not necessarily indicate a low underlying disease burden but
may instead reflect reduced symptom observability arising from structural canopy loss.

This limitation underscores an important distinction between latent disease burden and observed dis-
ease signals. UAV-derived disease estimates are influenced not only by pathogen activity but also by the
structural and optical conditions that determine symptom visibility. Consequently, the CNDA formula-
tion integrates both epidemiological and canopy-structural components of disease expression. Although
this feature represents a conceptual strength of the framework, it also implies that CNDA should be
interpreted as an observationally conditioned indicator of disease burden rather than a direct physical
measure of infected tissue.

Importantly, CNDA should not be interpreted as a biologically superior measure of disease burden,
pathogen biomass, infection intensity, or epidemic severity. Rather, its primary value lies in providing a
canopy-aware observational framework that reduces structural distortions affecting disease quantification
and improves comparability among treatments exposed to contrasting canopy conditions.

Similarly, although CNDA frequently produced more stable treatment rankings than raw severity
assessments, overlapping bootstrap confidence intervals indicate that some treatment differences should
not be interpreted as statistically distinct. Consequently, CNDA is particularly valuable for improving
ranking consistency and effect-size interpretation rather than for establishing definitive statistical separa-
tion among treatments.

The value of CNDA therefore lies principally in reducing observational confounding associated with
canopy-mediated symptom visibility rather than in increasing statistical power or replacing conventional
epidemiological measurements. In this sense, CNDA should be viewed as an observational harmonization
tool that facilitates canopy-aware interpretation of disease expression while remaining complementary to
biological disease metrics.

Another limitation concerns the scope of the present dataset. The framework was evaluated during
a single growing season across four experimental sites, two wheat cultivars, two rust pathosystems, and
using RGB imagery exclusively. Although these conditions generated substantial variability in canopy
structure, disease intensity, and fungicide response, broader validation across additional seasons, cul-
tivars, pathosystems, environmental conditions, and sensing technologies remains necessary before the
framework can be considered fully transferable.

Furthermore, canopy cover classes were not equally represented in the dataset. Consequently, agree-
ment statistics associated with dense-canopy conditions should be interpreted with appropriate caution.
Nevertheless, the overall trends remained remarkably consistent across both yellow rust and leaf rust,
suggesting that the identified canopy-mediated observability regimes reflect genuine measurement pro-
cesses rather than sampling artefacts.

Future research could explore alternative normalization approaches, including regression-based cor-
rection methods, hierarchical latent-state frameworks, or Bayesian observability models that explicitly
disentangle biological disease burden from canopy-mediated visibility effects. Future studies should
also evaluate the applicability of canopy-aware disease metrics under contrasting climatic conditions,
additional cereal diseases, diverse agronomic management systems, and alternative sensing technolo-
gies including multispectral, hyperspectral, and thermal platforms. Such investigations will help deter-
mine whether canopy-mediated observability constitutes a general property of plant disease measurement
across crop–pathogen–sensor combinations.

Incorporating observability processes into epidemiological analyses may ultimately enhance the
robustness, interpretability, and transferability of UAV-based disease monitoring across heterogeneous
field environments. More broadly, these findings suggest that plant disease quantification should be
considered not only as a detection challenge but also as a measurement-science problem, in which
canopy structure, symptom visibility, and sensor characteristics jointly influence the reliability of disease
observations.
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6. Conclusion

This study demonstrates that canopy structure is not a secondary factor but a fundamental determinant
of disease observability in UAV-based disease monitoring. Our results suggest that fungicide treatments
may influence both disease dynamics and the measurement process itself, indicating that conventional
severity metrics may not always fully capture treatment responses when canopy structure differs substan-
tially among treatments.

The CNDA framework helps mitigate this source of observational bias by explicitly accounting for
canopy-mediated filtering, thereby improving the consistency and comparability of disease observations
across heterogeneous canopy conditions. Importantly, CNDA should not be interpreted as a direct esti-
mate of pathogen biomass, infection intensity, or total biological disease burden. Rather, it represents
a canopy-aware observational metric designed to characterize disease expression within the observable
canopy domain available to both visual raters and UAV sensors.

The results further indicate that the principal contribution of CNDA lies in reducing canopy-
mediated observational confounding rather than increasing statistical power or providing definitive sep-
aration among fungicide treatments. By improving canopy-aware comparability, the framework facili-
tates more robust interpretation of treatment responses while preserving appropriate caution regarding
statistical uncertainty.

More broadly, these findings highlight the value of considering plant disease quantification as a
measurement-science challenge rather than solely a detection problem. Disease observations are influ-
enced not only by underlying epidemic processes but also by structural factors governing symptom vis-
ibility and detectability. Incorporating these mechanisms into UAV-based monitoring frameworks may
improve the robustness, interpretability, and transferability of remote sensing approaches for agricultural
decision-making.

Nevertheless, the present study was conducted during a single growing season using RGB imagery
across four sites, two cultivars, and two wheat rust pathosystems. Additional validation across multi-
ple years, crops, diseases, environmental conditions, and sensing technologies will therefore be required
before canopy-aware disease quantification frameworks can be considered broadly transferable across
agricultural systems.

Overall, the proposed framework should be viewed as a proof-of-concept demonstrating the
importance of canopy-mediated observability in disease assessment and highlighting the potential of
canopy-aware observational harmonization for improving the interpretation of UAV-derived disease
measurements.
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