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Abstract

Verticillium wilt, caused by Verticillium dahliae, poses a major threat to cotton
production worldwide. This study presents a framework for predicting Verticil-
lium wilt incidence across multiple cotton fields by combining Sentinel-2 imagery,
preseason inoculum, and weather variables with machine learning models. Three
machine-learning models: random forest, support vector machine, and extreme gra-
dient boosting were evaluated using data from seven commercial cotton fields
in northern New South Wales, Australia. Model performance was assessed under
two validation schemes: fivefold cross-validation to assess within-field interpola-
tion performance and leave-one-field-out validation to evaluate extrapolation across
fields. Random forest achieved the highest accuracy (mean overall accuracy = 0.63,
mean weighted F1 = 0.64 for interpolation; mean overall accuracy = 0.58, mean
weighted F1 = 0.56 for extrapolation) when all data sources were combined. Model
interpretability was assessed using Shapley additive explanations, which identified
preseason inoculum, near-infrared and red-edge bands are the most influential pre-
dictors. Results highlight the advantage of integrating multisource data for disease
prediction and the importance of rigorous validation to avoid overestimation of model
performance—something that is commonly overlooked in published disease studies.
The approach offers a scalable, nondestructive framework for operational monitoring

of Verticillium wilt in cotton.

Plain Language Summary

Verticillium wilt is a soil-borne disease that damages cotton plants by blocking
the flow of water and nutrients, causing leaf yellowing, wilting, and major yield
losses. Reliable large-scale prediction of this disease is important for supporting farm

management decisions. This study tested whether combining satellite imagery, soil

Abbreviations: Clr, chlorophyll red edge index; GDD, growing degree days; KNN, K-nearest neighbors; NDVI, normalized difference vegetation index;

NIR, near-infrared; RF, random forest; SES, sequential feature selector; SHAP, Shapley additive explanations; SVM, support vector machine; SWIR,

short-wave infrared; UAV, unmanned aerial vehicle; XGBoost, extreme gradient boosting.
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1 | INTRODUCTION

Upland cotton (Gossypium hirsutum) is a crop of major global
economic importance and is the most widely used natural
fiber, with an estimated annual production of 26 million met-
ric ton worldwide (Lanclos et al., 2025). In Australia, it ranks
as the fourth most valuable agricultural export, contributing
$4.9 billion in export revenue in 2022-2023 (Department of
Agriculture, Fisheries and Forestry, 2024). Verticillium wilt,
a soilborne disease is a major global threat to cotton produc-
tion. This disease can cause severe reductions in cotton yield
and fiber quality, with reported losses of up to 80% (Wei et al.,
2015). In Australia, yield losses in infected fields ranged from
10% to 62% (Holman et al., 2016).

Verticillium wilt is caused by the soilborne fungus Verti-
cillium dahliae that affects more than 200 agricultural and
horticultural crop species worldwide (Pegg & Brady, 2002).
V. dahliae infects plants by penetrating the root system and
spreading in the vascular tissues, where it blocks the transport
of water and nutrients from the roots to the foliage. This dis-
ruption leads to reduced leaf water content, shrinkage of leaf
cells, and chlorophyll degradation, causing symptoms such as
vascular discoloration, yellowing and wilting of leaves, leaf
mottle and necrosis, and in severe cases complete defolia-
tion depending on the strain (EFSA Panel on Plant Health,
2014). V. dahliae is a host-adapted pathogen known for its
ability to expand its host range and evolve new pathotypes
to overcome plant resistance (EFSA Panel on Plant Health,
2014).

Currently, once established, the control of Verticillium wilt
remains highly challenging (Wang et al., 2016). The pathogen
is highly persistent and can survive in a dormant life stage in
soil for over a decade (NSW Department of Primary Indus-
tries, 2023). Nevertheless, prediction of Verticillium wilt is
crucial for mitigating its impact. Understanding the variabil-
ity of disease presence within and across fields is essential for
estimating potential yield and quality losses and for support-
ing informed management decisions, including crop selection
for the following seasons.

pathogen levels measured before planting, and weather data could improve the pre-
diction of Verticillium wilt in cotton fields. Three machine-learning models were
applied to data from seven commercial cotton fields, and their performance was
evaluated both within known fields and across new fields. Results showed that pre-
diction accuracy was highest when all three data sources were used together, with
a mean weighted F1 score of 0.64. The study also showed that commonly reported
validation approaches can lead to inflated accuracy estimates. Overall, the proposed
framework provides a scalable, nondestructive approach for operational monitoring

of Verticillium wilt in cotton.

The conventional approach to detecting Verticillium wilt
typically relies on field sampling, involving visual inspec-
tion of leaves or cutting stems to assess symptoms, followed
by laboratory-based testing to confirm the presence of V.
dahliae in plant tissue or soil (M C Fadden et al., 2001;
Wheeler & Woodward, 2016). Laboratory testing typically
includes pathogen isolation and culturing or polymerase chain
reaction—based assays for detecting and quantifying pathogen
DNA (Usami et al., 2002). Although this approach can pro-
vide accurate diagnoses, it is destructive and resource and
time intensive, which limits their applicability for large-
scale monitoring and understanding of spatial variation within
fields.

Risk modeling based on pathogen levels in soil and envi-
ronmental conditions is another promising strategy. Several
studies have attempted to forecast Verticillium wilt risk from
canopy to regional scale using key drivers such as weather
variables (Requena-Mullor et al., 2020; T. Zhang et al., 2024;
T. Zhang, Zheng, et al., 2025), soil pathogen inoculum levels
(Bejarano-Alcazar, 1995; Harris & Yang, 1996), and soil type
and irrigation practices (Land et al., 2017). However, reliable
prediction of risk using these drivers remains challenging,
and the difficulty increases when extending prediction across
larger areas. This is due to the complex interactions among the
multiple environmental and biological factors, coupled with
limited data availability. Additional factors such as crop phys-
iology, biophysical conditions, management practices, and
cultivar differences complicate efforts to obtain the neces-
sary data and reliably model these relationships, particularly
at scale.

Remote sensing provides spatially continuous information
on vegetation biophysical characteristics and has emerged
as a nondestructive, scalable approach for detecting and
monitoring responses of different plant disease. In recent
years, several studies have demonstrated the use of remote
sensing for detecting, monitoring, and quantifying Verticil-
lium wilt in cotton. For instance, Ma et al. (2024) achieve
accurate detection of cotton Verticillium wilt severity in
a field trial using unmanned aerial vehicle (UAV) multi-
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spectral data, combining vegetation indices, color indices
derived from visible bands, and texture features computed
from multispectral bands. Similarly, Li et al. (2024) applied
UAV hyperspectral data to distinguish spectral separabil-
ity between varying degrees of Verticillium wilt severity in
a plot trial. A study using hyperspectral data and chloro-
phyll fluorescence derived from hyperspectral measurements
demonstrated promising potential for early detection of Verti-
cillium wilt during the asymptomatic phase. There have also
been attempts to integrate UAV and satellite imagery for Ver-
ticillium wilt detection in cotton. Nie et al. (2024) combined
UAV data with Sentinel-1 and Sentinel-2 satellite imagery to
detect Verticillium wilt in cotton fields, showing that while
satellites can provide spatially extensive coverage for iden-
tifying potentially diseased areas, UAV imagery refines the
detection and classification at finer scales.

However, in most remote sensing—based crop disease and
stress detection studies including the abovementioned cotton
verticillium wilt monitoring studies, both model develop-
ment and validation are performed on the datasets from the
same experimental area often using random train-test splits.
This practice overlooks the assumption of independence
between training and testing sets, as nearby samples share
similar agro-environmental conditions. Evidence from agri-
cultural and ecological remote sensing research shows that
random data partitioning leads to overly optimistic estimates
of model accuracy (Ferraciolli et al., 2019; Filippi et al., 2025;
Karasiak et al., 2022; Meyer & Pebesma, 2022; Stehman
& Foody, 2019). Spatial autocorrelation can mask limited
model generalization. Alternative validation strategies, such
as leave-one-field-out, provide more realistic and trustwor-
thy estimates of generalization error (Roberts et al., 2017;
Siegmann & Jarmer, 2015). Since the ultimate goal of these
models is to support agronomic decision-making, adopting
robust validation schemes is essential to ensure that predictive
models perform reliably under real-world conditions.

Furthermore, disease development is governed by complex
interactions within the host—pathogen—environment trian-
gle, and reliable prediction ideally requires comprehensive,
spatially explicit data for all three components. However,
collecting such information at scale is often unfeasible. Inte-
grating remote sensing with key disease drivers such as
weather variables and preseason inoculum density offers a
practical proxy for improving prediction accuracy. To the best
of our knowledge, no previous study has integrated these
specific data sources to detect Verticillium wilt in cotton.

This study addresses these gaps by integrating remote sens-
ing data, weather variables and preseason inoculum density to
predict Verticillium wilt incidence in cotton across multiple
commercial fields in Australia. These data sources collec-
tively represent the environmental, and pathogen components
of the disease system. The validation strategies are designed
to provide realistic deployment scenarios in the cotton indus-
try, where models are required to perform reliably both within

field interpolation and across new, unseen fields for dis-
ease forecasting. In addition, Shapley additive explanation
(SHAP) analysis was employed to interpret model behavior
and understand the key drivers. The specific objectives are (1)
to evaluate the predictive performance of different data com-
binations (remote sensing, weather, and preseason inoculum)
using multiple machine learning (ML) models, (2) to test and
compare two validation strategies—5-fold cross-validation
(S5FCV) and leave-one-field-out—in order to quantify within-
field interpolation and across-field generalization, and (3)
to determine the relative importance of different predictors
through SHAP-based interpretability analysis.

2 | METHODOLOGY

2.1 | Study area

The study was conducted across seven irrigated commercial
cotton fields (F1-F7) located in northern New South Wales,
Australia, a region with a known background presence of
Verticillium wilt (Figure 1). The field sizes ranged from 27
to 91 ha, with an average field size of 61 ha. Two fields
were irrigated using overhead center-pivot systems, while the
remaining five fields were flood irrigated. Data were collected
over a 3-year period: Year 1 (2020-2021), Year 2 (2021-
2022), and Year 3 (2022-2023). All fields were sampled once,
except field F-2, which was sampled in Years 1 and 3. Cotton
in this region is typically sown around October and harvested
in May of the following year.

Field sampling followed a grid-based strategy to ensure
systematic and spatially representative coverage within each
field. Each study field was divided into 2-ha spatial grid using
QGIS (Graser et al., 2025), with one sampling location estab-
lished at the center of each grid cell. The total number of
sampling locations per field ranged from 14 to 52.

2.2 | Data

The data used in this study are summarized in Table 1 and
described in the following subsections. Disease incidence and
preseason inoculum data were measured in field following the
grid-based sampling plan. Weather and remote sensing data
were obtained from publicly available sources. The datasets
used in this study have varying resolutions, as shown in
Table 1, and were used at their native resolutions.

2.2.1 | Verticillium wilt incidence

The incidence of Verticillium wilt was used as the target vari-
able for model development and testing and was assessed at
each predefined sampling grid point across the study fields.
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FIGURE 1

AUSTRALIA

Study area. (a) Geographic distribution of the seven cotton fields (F1-F7) located in northern New South Wales, Australia. (b)

Distribution of sampling locations within each study field (F1-F7) marked as green dots.

The sampling points established at center of every 2-ha grid
were located using GPS. At each sampling site, 40 plants were
inspected, with 10 plants selected from each of four adjacent
rows covering an approximate area of 3 m X 2 m. Each plant
was inspected for characteristic symptoms of Verticillium wilt
and proportion of the infected plants at each site was recorded.
This disease incidence is the proportion of plants showing
symptoms of Verticillium infection within each sampling site.

Field assessments were conducted around the cotton-picking
period using stem cuts to confirm the presence or absence
of Verticillium wilt symptoms. Based on these proportion,
each sampling site was classified into one of four discrete
categories. The classification thresholds were defined in con-
sultation with industry experts. Sites with no infected plants
were assigned to Class 0. Sites with more than 0% but less
than 25% of plants infected were categorized as Class 1, rep-
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Summary of data used in the study.

TABLE 1

Sampling

Approach

Data

Category

Grid based with grid size of 2 ha

Stem cut

Incidence

Field Data

Grid based with grid size of 2 ha

qPCR test

Preseason inoculum

Time periods

Temporal resolution

Spatial resolution

~5km

Source

June 1-September

30,

Daily

SILO (Jeffrey et al.,

2001)

Rainfall

Weather

October 1-March

30

October 1-March

Daily
30

~5km

SILO (for

Growing degree days (GDD)

temperature data)

October 1-January

30

Monthly

30m

CMRSET (McVicar
etal.,, 2022)

Evapotranspiration (ET)

October 1-March

30

Febuary 15-March

Drusch et al. (2012) 10, 20, and 60 m 5 days
15

spectral bands and vegetation

Sentinel 2
indices

Remote sensing

Abbreviations: CMRSET, CSIRO MODIS reflectance-based evapotranspiration; gPCR, quantitative polymerase chain reaction.
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resenting low incidence. Those with 25% to less than 50%
incidence were labeled as Class 2 (moderate incidence), while
sites with 50% or more infected plants were assigned to Class
3, indicating high disease incidence. This grouping approach
reflects agronomic disease incidence threshold relevant for
management decisions.

2.2.2 | Preseason inoculum

Preseason soil inoculum levels were included as an input vari-
able in the model to account for baseline pathogen pressure
prior to crop establishment. In commercial cotton production,
growers typically measure inoculum through preplant soil
sampling, followed by laboratory-based diagnostic assays.
This information provides an indication of disease risk and
guide field management decisions.

In this study, soil sampling was conducted prior to plant-
ing at each predefined sampling grid point, corresponding to
those later used for wilt incidence assessment. At each sam-
pling location, soil cores were collected from the top 0-10 cm
of soil. Sampling was conducted in two adjacent crop rows,
with eight cores per row (16 cores total) taken using a 12-mm
hand corer. The 16 cores from each location were bulked into
a single composite sample to provide a representative measure
of inoculum density for that site.

The collected soil samples were analyzed by Crown Analyt-
ical Laboratories using quantitative polymerase chain reaction
which detects and quantifies specific pathogen DNA in soil
(Dan et al., 2001; Fu et al., 2024). Inoculum population densi-
ties were expressed as picograms of pathogen DNA per gram
of soil (pg DNA/g).

2.2.3 | Weather data

Weather conditions play an important role in both Verticil-
lium wilt development and cotton growth. The most important
variable that contribute to proliferation and spread of Verticil-
lium wilt are temperature and moisture (Arbogast et al., 1999;
Y. Zhang, Zhao, et al., 2025; Zhao et al., 2016). To capture
these environmental influences, rainfall, evapotranspiration
(ET), and growing degree days (GDD) were used. These vari-
ables provide insights into moisture levels, irrigation, and
temperature across different cotton fields.

Rainfall and temperature data were obtained from the
SILO climate database (Jeffrey et al., 2001) (spatial resolu-
tion: ~5 km; daily temporal resolution), while ET data were
sourced from the CMRSET (CSIRO MODIS reflectance-
based evapotranspiration) product (McVicar et al., 2022),
which provides 30 m spatial and monthly temporal resolution.

Cumulative rainfall were calculated for two periods: the
pre-sowing period (June 1-September 30) and sowing to peak
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vegetative growth period, as determined by the timing of
maximum normalized difference vegetation index (NDVI)
(October 1-March 30 of the following year). Similarly, cumu-
lative GDD were calculated for the sowing to peak vegetative
growth period (October 1-March 30). GDD was calculated
using the new method named “DD 1532,” which is specif-
ically designed for Australian cotton-growing regions and
improves upon traditional GDD models by providing a more
accurate estimate of cotton development (Bange et al., 2022).
ET data were aggregated over two growing-season periods:
sowing to the early growth stage (October 1-January 31) and
sowing to peak vegetative growth stage (October 1-March
30).

2.2.4 | Remote sensing data

Sentinel-2 imagery was used to capture canopy biophysical
and physiological responses potentially associated with Ver-
ticillium wilt. Sentinel-2 imagery is freely available for any
location worldwide. It provides visible, near-infrared (NIR),
and short-wave infrared (SWIR) bands, which are effective in
detecting verticillium wilt proxies such as such as changes in
pigment, canopy water content, or biomass loss in the case of
defoliation.

Data was selected from peak vegetative stage, which also
corresponds to flowering and boll fill stage of cotton growth.
To find the exact date of the image, the greenest pixel compos-
ite approach was applied (Z. Zhang et al., 2021). A greenest
pixel composite is an image created from a time series of
satellite observations in which, for each pixel location, the
observation with the highest NDVI value is selected to repre-
sent that pixel. Because NDVI peaks when vegetation is most
photosynthetically active, the resulting composite effectively
corresponds to peak canopy condition. This would both min-
imize the impact of cloud cover and differences caused by
varying crop development stages between farms. A window
from February 15 to March 15 was used to prepare the com-
posite. This period was identified using NDVI time series data
as the peak vegetative stage across all fields. This approach
ensured that imagery from all fields represented a similar
phenological stage. A previous study has also suggested that
remote sensing data acquired during the flowering and boll-
fill stages are particularly sensitive to canopy structural and
physiological variations caused by Verticillium wilt (Ma et al.,
2024).

A range of vegetation and water stress indices were com-
puted from Sentinel-2 multispectral imagery and used as
model input. These indices have been used to assess vege-
tation vigor, chlorophyll content, and water status, and have
been shown to be effective for crop health and stress moni-
toring. Table 2 summarizes the indices used in this study, and
their formula.

2.3 | Feature selection

To identify the most influential predictors for the model,
a sequential feature selector (SFS) was implemented using
a K-nearest neighbors (KNN) classifier as the estimator.
The algorithm followed a backward elimination approach,
in which all variables were initially included in the model
and subsequently removed one by one. At each iteration
the approach removes the least important feature based on
cross-validation performance. KNN was used within the SFS
process instead of the final classifiers to keep feature selection
unbiased. Otherwise, the selected features could be tailored
to a specific model’s inductive bias, leading to overfitting and
unfair comparisons between models.

The initial feature set comprised 22 predictor variables,
including 10 Sentinel-2 spectral bands (blue, green, red, red
edge 1, red edge 2, red edge 3, NIR, narrow NIR, SWIR 1,
and SWIR 2), six derived vegetation indices (NDVI, triple
red-edge index, Clr, disease water stress index, normalized
difference moisture index, and modified normalized differ-
ence water index [MNDWI]), five meteorological variables,
and preseason disease inoculum levels. Feature selection per-
formance at each iteration was evaluated using SFCV. Mean
classification accuracy, averaged across folds, was used as the
selection criterion to rank and retain features.

24 | Classification model

Verticillium wilt incidence was modeled as a classification
problem in the study where disease incidence was cate-
gorized into four classes based on proportion of infected
plant. Three ML algorithms were applied to classify Verti-
cillium wilt incidence: random forest (RF), extreme gradient
boosting (XGBoost), and support vector machine (SVM).
RF is an ensemble method that constructs multiple decision
trees using different bootstrap samples of the dataset and
subsets of predictor variables (Breiman, 2001). Predictions
are made by aggregating the outputs of all decision trees,
which improves generalization. RF has been widely applied
in agricultural monitoring, including crop disease and stress
detection, due to its robustness and ability to handle complex,
nonlinear relationships (Adelabu et al., 2014; Dutta et al.,
2024). XGBoost is also a tree-based ensemble method and
uses gradient boosting to sequentially build decision trees,
with each tree correcting the errors of its predecessors (T.
Chen & Guestrin, 2016). By incorporating regularization and
efficient optimization, XGB achieves high accuracy, speed,
and scalability. SVM is a supervised classification algorithm
that identifies the optimal hyperplane to separate classes in
a feature space (Cortes & Vapnik, 1995). By applying ker-
nel functions, SVM can effectively model both linear and
nonlinear decision boundaries, making it suitable for classi-
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TABLE 2  Vegetation indices used in the study.

Indices Source Formula

Normalized difference vegetation index (Tucker, 1979) E{ﬁ;ﬁig

(NDVI)

Triple red-edge index (TREI) (Al-Shammari et al., 2025) (RE, —RE)) - (%)

Chlorophyll red edge (Clr) (Gitelson et al., 2003) g—g? -1

Disease water stress index (DSWI) (Galvao et al., 2005) %(i::

Normalized difference moisture index (NDMI) (Wilson & Sader, 2002) %m

Modified normalized difference water index (Skakun et al., 2003) g‘zz“;—m

(MNDWI)

Abbreviations: NIR, near-infrared; RE, red edge; SWIR, short-wave infrared.

fication tasks where class separation is complex (Negrisoli
et al., 2022).

To mitigate imbalanced disease class distributions across
fields, class-balanced sample weights were applied during
model fitting. These weights were computed based on the
inverse frequency of each class. During training, samples
with higher weights have more influence on the loss func-
tion thereby assigning greater importance to underrepresented
classes.

All analyses were conducted in Python (version 3.12) using
the scikit-learn (Pedregosa et al., 2011) and XGBoost library
(T. Chen et al., 2015).

25 |
tuning

Model validation and hyperparameter

Two validation strategies were adopted to evaluate the per-
formance of the proposed approach: (1) SFCV and (2)
one-field-out cross-validation (1IFOCV).

In SFCV scheme, the data from all fields were randomly
partitioned into five folds of approximately equal size using
a stratified sampling approach to preserve class distribution.
At each iteration, one fold was reserved for testing and the
remaining folds were used for model training, such that all
observations were validated once. The SFCV strategy assesses
the model’s interpolation performance within fields because
samples from the same field can appear in both the training
and test sets.

In 1FOCV scheme, all observation from one field were
withheld for testing while the models were trained on data
from the remaining fields. This process was repeated until
every field had been used once as the validation set. This
approach provides an assessment of the ability of the mod-
els to generalize between different fields, noting that they
collectively cover a large region.

Following feature selection, model hyperparameters were
tuned prior to final model training and validation. Hyperpa-
rameter tuning was performed using a nested cross-validation

approach to avoid information leakage and ensure unbi-
ased performance estimation (Wainer & Cawley, 2021).
Specifically, an inner threefold cross-validation was applied
exclusively to the training data within each outer SFCV or
1IFOCV split. This inner cross-validation involved a new
reshuffling and repartitioning of the outer training data. A
grid search was used to evaluate all candidate hyperparame-
ter combinations. For each combination, model performance
was assessed by computing the mean scoring metric (accu-
racy and weighted Fl-score) across the three inner folds.
The hyperparameter set that achieved the highest mean
inner-fold score was selected as optimal. After identifying
the optimal hyperparameters, the model was retrained on
the entire outer training dataset using these parameters and
then evaluated on the held-out outer test fold. This nested
design ensures that hyperparameter optimization does not
use any test data and provides unbiased estimates of model
performance.

2.6 | Evaluation metrics

Model performance was assessed using overall accuracy
(OA) and weighted Fl-score. OA represents the propor-
tion of correctly classified samples relative to the total
number of samples. Weighted Fl-score is the harmonic
mean of precision and recall, computed for each class and
averaged according to number of samples per class. This
metric provides a balanced evaluation by accounting for
both false positives and false negatives, while also address-
ing class imbalance in the dataset. Together, these metrics
provide a comprehensive evaluation of classification per-
formance. In addition, confusion matrices were used to
provide a detailed assessment of classification performance
across individual classes. A confusion matrix is a table that
summarizes the model’s performance where rows represent
true classes, columns represent predicted classes, and each
entry shows the number of samples assigned to each class
combination.
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2.7 | Explainability

Explainability methods offer valuable insights into how ML
models make decisions, thereby improving transparency and
trust in data-driven decision-making. To interpret the predic-
tions generated by the models, this study employed SHAP.
SHAP has been increasingly used in the explainable Al
domain to develop transparent and interpretable models,
including in agricultural modeling (Filippi et al., 2024; Joshi
et al., 2025).

SHAP is a post hoc, model-agnostic framework based on
the concept of Shapley values (Lundberg & Lee, 2017). Orig-
inally introduced in coalitional game theory, Shapley values
were developed to fairly distribute reward among players in
a cooperative game based on their contribution (Lundberg
& Lee, 2017). These values are computed by averaging a
participant’s marginal contribution across all possible coali-
tions. In the context of ML, each feature‘s contribution to
the final model output is estimated by averaging its marginal
impact across all possible feature combinations. It provides
both local and global interpretability. Because evaluating all
feature subsets can be computationally intensive, especially
for models with a large number of predictors, SHAP refor-
mulates the Shapley value computation as an optimization
problem and employs various explainers to efficiently approx-
imate these values. In this study, TreeSHAP was applied. All
SHAP values were computed using the SHAP python library.

2.8 | Summary of model, data, and
validation experimental setup

The experimental setup involved testing different combina-
tions of data sources, models, and validation strategies to
evaluate cotton Verticillium wilt incidence prediction across
multiple fields. Three data configurations were considered:
(1) remote sensing, weather variables, and preseason inocu-
lum; (2) remote sensing with weather variables; and (iii)
weather variables with preseason inoculum. For each config-
uration, three ML models—RF, SVM, and XGBoost—were
trained. The models were evaluated using two validation
strategies: SFCV and 1FOCV. Each experiment was repeated
10 times and mean performance metrics were reported. Model
interpretability was further assessed using SHAP analysis on
the full dataset to identify the most influential features.

3 | RESULTS
3.1 | Disease incidence across fields

The distribution of Verticillium wilt incidence levels across
the fields is shown in Figure 2. Both the number of samples

per field and the proportion of incidence classes varied sub-
stantially across locations. Field F-2 had the highest number
of samples overall, due to its larger field area, and was charac-
terized by a strong dominance of Class 3. Field F-1 also had a
relatively large number of samples but exhibited a more bal-
anced distribution across all four incidence classes, including
anotable proportion of no incidence class. Across most fields,
Class 3 was the dominant category, except in Field F-7, where
Class 1 was more prevalent.

3.2 | Spectral reflectance

Figure 3 shows the mean spectral reflectance curves for all
fields combined as observed by Sentinel-2A. Differences
among disease classes are minimal in the visible and SWIR
regions but become more pronounced in the red-edge and
NIR regions. As expected, healthy samples exhibit higher
reflectance, while diseased samples show consistently lower
reflectance, with the separation being most distinct for Class 3
(most diseased class). This pattern is explained by wilting and
chlorosis, which reduce chlorophyll content, canopy struc-
ture, and overall plant vigor. These factors lower reflectance in
the red-edge and NIR wavelengths where healthy vegetation
typically reflects strongly.

Figure 4 presents the mean spectral curves averaged for
each individual field. In general, similar spectral patterns are
observed at the field scale, though not across all fields, with
minimal variation in the visible and SWIR regions and greater
discrimination between disease classes in the red-edge and
NIR regions. Fields F-2, F-4, and F-6 particularly show higher
reflectance for healthier samples and lower reflectance for
high-incidence samples for NIR and red edge bands. How-
ever, this relationship is not consistently observed across
all fields. These results indicate that simple models using
only remote sensing data are unlikely to reliably distinguish
between incidence classes across all fields.

3.3 | Model performance: Interpolation

Figure 5 summarizes the SFCV results averaged across 10
independent runs for testing model interpolation within the
fields using different models and data combinations. OA
and weighted Fl-score are shown for each model. The bar
represents mean performance score of each model while
the error bars indicate the corresponding standard devia-
tions, capturing variability across runs. When models were
trained using the full set of remote sensing, weather, and
preseason inoculum data, all the ML models achieved their
highest performance. Among them, RF showed the best over-
all results (OA = 0.63; weighted F1 = 0.64), closely followed
by XGBoost, which exhibited comparable mean OA of 0.6
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and mean weighted Fl-score of 0.61. SVM did the poor-
est with mean OA of 0.51 and mean weighted Fl-score of
0.53.

Using only remote sensing and weather data led to a reduc-
tion in performance relative to the full data combination
(Figure 5b). In this setting, RF and XGBoost continued to
outperform SVM, which showed lower OA and weighted
F1-scores.

When trained with weather and preseason inoculum data
only, RF (OA = 0.60; weighted F1 = 0.62) and XGBoost
(OA = 0.59; weighted F1 = 0.61) achieved performance
levels comparable to those obtained with the full data set,
indicating that these variables alone still provide substantial
predictive information. However, SVM again showed limited
performance across both metrics. Overall, the within-field
interpolation results using 5-FCV indicate a modest decline
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Accuracy and weighted F1-score of fivefold cross-validation (SFCV) across different data combinations. (a) Models trained with

remote sensing, weather, and preseason inoculum data. (b) Models trained with remote sensing and weather data. (c) Models trained using only

weather and preseason inoculum data. OA, overall accuracy; SVM, support vector machine; XGBoost, extreme gradient boosting.

in predictive performance when all three data sources are not
used together. Across all data combinations, RF and XGBoost
consistently outperformed SVM, achieving higher OA and
weighted F1-scores.

The confusion matrices in Figure 6 provide class-wise
insight into how each model discriminates between disease
severity levels under different input scenarios. Values are nor-
malized by true class, such that diagonal elements represent
per-class recall, while off-diagonal elements indicate mis-

classification patterns. SVM showed particularly low recall
for Class 2. In general, most approaches achieved recall val-
ues above 0.25, which is the approximates expected recall
of a random uniform classifier. The main exception was the
SVM model trained without remote sensing data (Figure 6¢2),
where recall for Class 2 fell well below this threshold (0.12).
Overall, the confusion matrices indicated that classification
errors were dominated by confusion between neighboring
incidence classes. The consistently higher recall for severe
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FIGURE 6 Confusion matrices showing the performance of three machine learning models—Random forest, support vector machine (SVM),

and extreme gradient boosting (XGBoost)—under different data input scenarios: with remote sensing, preseason inoculum, and weather (al—a3);

without preseason inoculum (b1-b3); and with weather and preseason inoculum (c1—c3).
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incidence classes achieved by RF and XGBoost highlighted
their suitability for operational disease monitoring, partic-
ularly where accurate identification of high-risk areas is
critical.

3.4 | Model performance: Extrapolation

To evaluate the generalizability of the models between fields,
a IFOCV was conducted where models were trained using
data from all but one field and tested on the held-out field,
using three input data combinations. The results are presented
in Table 3.

RF showed the strongest and most consistent performance
across fields for all data combinations, particularly when
remote sensing data were included. XGBoost followed a sim-
ilar pattern but with lower overall performance. SVM models
were particularly unreliable for field-level extrapolation. They
showed consistently lower and more variable accuracy and
weighted F1-scores across fields.

When all data sources were included, RF achieved a mean
OA of 0.58 and a mean weighted Fl-score of 0.56, while
XGBoost reached a mean OA of 0.49 and a mean weighted
F1-score of 0.49. Field-wise performance varied widely, for
instance for RF model ranging from as low as 0.28 OA and
0.19 weighted F1 (Field 1) to as high as 0.80 OA and weighted
F1 (Field 6).

Removing preseason inoculum data reduced classification
performance across all models. For RF, average OA dropped
to 0.53 and weighted F1 to 0.51. XGBoost also showed
declines, with averages OA of 0.42 and weighted F1 to
0.45. These findings suggest that preseason inoculum data
provide important discriminative information that enhances
classification reliability.

When using only weather and preseason inoculum data,
performance was generally weak, RF yielded the best results
among the three models but still with limited reliability (0.35
OA accuracy; 0.36 weighted F1). This represents a substantial
reduction of more than one-third in both OA and weighted F1-
score compared to the approach that includes remote sensing
data, highlighting the critical contribution of remote sensing
features to model performance. At the field scale, only F-4 and
F-7 showed moderate performance all other fields remained
below 0.4 in accuracy.

It is also important to note that when remote sensing
variables were included, the RF and XGB models achieved
F1 scores and overall accuracies above the null uniform
benchmark (0.25) for all fields except field F-1.

Overall, the 1IFOCV results highlight substantial inter-field
variability and confirm that models generalize best when
trained with the full set of predictors. Across all data com-
binations, RF consistently achieved the highest accuracy and
F1-scores, followed by XGBoost. The result also underscores

the challenge of transferring disease incidence models across
heterogeneous fields.

3.5 | SHAP analysis

SHAP values were computed for the RF model, which was
identified as the best-performing model. The SHAP sum-
mary plot, based on mean absolute SHAP values (Figure 7),
highlights the most influential features contributing to model
predictions. Among these, preseason inoculum, MNDWI,
NIR, red-edge reflectance, chlorophyll red edge index (Clr),
and rainfall emerged as the most important predictors of Verti-
cillium wilt incidence. SHAP also enables the exploration of
individual features for specific incidence classes. For exam-
ple, a scatter plot of preseason inoculum values and their
corresponding SHAP values for Class 3 is shown in Figure 8.
In this plot, the x-axis represents preseason inoculum val-
ues, while the y-axis represents the associated SHAP values.
Higher SHAP values indicate a stronger positive contribu-
tion to predicting the incidence for Class 3, which is high
incidence. Higher preseason inoculum levels are associated
with higher SHAP values, indicating a stronger positive con-
tribution to predicting high Verticillium wilt incidence, with
evidence of a nonlinear relationship. This underscores its
critical role as a driver of Verticillium wilt.

4 | DISCUSSION

This study was undertaken to develop robust prediction of
Verticillium wilt in cotton by integrating remote sensing,
preseason inoculum, and weather variables, addressing the
limitations of field-specific models that are often shown in
the literature. The results demonstrated that combining all
three data sources yielded the most accurate predictions for
within-field interpolation and extrapolation across fields. At
the same time, the variation in performance across individ-
ual fields highlights the importance of rigorous validation and
the need for caution when applying a model to fields different
from those in which it was trained.

The spectral reflectance curves (Figure 3) showed a sepa-
ration in the red-edge and NIR bands with classes of higher
disease incidence exhibiting lower reflectance values. SHAP
analysis also confirmed the importance of red-edge and NIR
bands and related indices (e.g., Clr) in determining incidence
classes. These findings are consistent with previous leaf-
level studies, where cotton leaves with higher Verticillium
wilt severity demonstrated reduced reflectance in the red-
edge and NIR regions (700-900 nm) (B. Chen et al., 2012).
In that study, reflectance in the visible range (400-700 nm)
was reported to increase with severity level. However, in
our study at the canopy scale, as captured by Sentinel-2, the
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FIGURE 7 Important features as depicted by Shapley additive explanations (SHAP) analysis. The important features include MNDWI
(modified normalized difference water index), near-infrared (NIR) and narrow NIR (NIR bands), Clr (chlorophyll red-edge index), red edge 1-2
(Sentinel-2 red-edge bands), Oct—Mar rainfall (cumulative rainfall), Oct—-Mar growing degree days (GDD) (cumulative GDD), and Oct-Jan EPT

(cumulative evapotranspiration), and preseason inoculum.
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FIGURE 8 Shapley additive explanations (SHAP) dependence

plot showing the relationship between preseason inoculum values and
their corresponding SHAP values for Class 3.

visible bands (red, green, blue) showed minimal differences
between incidence classes. At the field scale (Figure 4), the
relationship was not consistent in all the fields likely due to
differences in disease severity and its impact on reflectance
patterns.

The integration of remote sensing, preseason inoculum, and
weather data produced the highest accuracy and F1-scores,
whereas excluding either inoculum or remote sensing data

reduced performance. The decline in performance was partic-
ularly evident when the model was required to generalize to
new fields, as shown by the low metrics in IFOCV (Table 3).
Inoculum pressure provides a baseline risk, while weather
variables such as rainfall and ET influence pathogen pro-
liferation and plant stress, creating conditions favorable for
infection (Arbogast et al., 1999; Y. Zhang, Zhao, et al., 2025;
Zhao etal., 2016). Remote sensing adds complementary infor-
mation by capturing canopy-level physiological responses,
including chlorophyll degradation, water stress, and defoli-
ation (J. Zhang et al., 2019). The synergy between these
variables explains why combining all data sources yielded the
most reliable predictions.

It is also important to note that in SFCV, higher misclassifi-
cation of samples from Class 0 (no incidence) to Class 1 (low
incidence) was observed (Figure 6). For instance, in the RF
model trained with remote sensing, weather, and preseason
inoculum data, 58% of samples from Class 0 were misclassi-
fied as Class 1. This may be attributed to the smaller number
of samples in Class O (Figure 2), resulting data imbalance, and
the closer resemblance in feature space between Class 0 and
Class 1.

Unlike many previous remote sensing—based disease stud-
ies that have relied on random train-test splits using data from
the same experimental area reporting high predictive accuracy
(Maetal., 2024; Nie et al., 2024)—this study evaluated model
performance using a leave-one-field-out validation frame-
work, in which models were trained on a set of fields and
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tested on a spatially independent field. This distinction is
important, as studies that train and validate models using data
from the same field implicitly exploit spatial autocorrelation,
resulting in inflated performance estimates (Ferraciolli et al.,
2019; Filippi et al., 2025; Karasiak et al., 2022; Stehman &
Foody, 2019). When assessed under this more realistic and
operationally relevant evaluation strategy, predictive accuracy
was lower than typically reported in the literature and var-
ied substantially among fields (Table 3). Importantly, this
validation design more closely replicates how a real-world
decision-support tool would be deployed, where predictions
are required for new fields for which no labeled disease
observations are available.

The observed variability likely reflects underlying differ-
ences in management practices, soil properties, cultivar resis-
tance, severity differences, etc., which were not accounted for
in this study and were not clearly captured by the Sentinel 2
data. Expanding the dataset to include more fields, incorpo-
rating additional explanatory variables such as those reflect-
ing management practices, and integrating disease severity
(extent of disease symptoms expressed in affected plants)
alongside incidence may therefore be necessary to better cap-
ture this variability. This will be the subject of future research.

Preseason inoculum was identified as an important pre-
dictor through feature selection, SHAP analysis, and the
observed decrease in prediction accuracy for both within-
field interpolation and across-field extrapolation when it was
excluded. While Bejarano-Alcazar (1995) reported no signif-
icant linear relationship between initial inoculum density and
disease incidence, Paplomatas (1992) has shown an exponen-
tial relationship between soil inoculum density of V. dahliae
and Verticillium wilt incidence in susceptible cotton cultivars
such as Acala SJ-2. That study also highlighted the role of
cultivar, with the tolerant cultivar Acala GC-510 maintain-
ing relatively low incidence across a wide range of inoculum
densities. Interestingly, SHAP values for Class 3 in our study
also exhibited an exponential relationship with inoculum den-
sity (Figure 8). It should be noted that the inoculum—disease
relationship is further highly influenced by environmental fac-
tors such as temperature and soil moisture (Erreguerena et al.,
2019).

The current study highlights both the potential and the
challenges of deploying predictive models for operational
Verticillium wilt management. On one hand, the integration
of inoculum, weather, and remote sensing provides a scalable
framework for disease risk mapping at regional levels. On
the other, inconsistent performance across fields signals the
need for caution in translating models trained in one location
to another. Robust validation approaches, such as leave-one-
field-out, are therefore essential before applying predictions
for decision support. The identified importance of presea-
son inoculum emphasizes the value of routine soil testing in
disease forecasting.

A key strength of this study lies in the use of a multisource
dataset from multiple fields to predict Verticillium wilt inci-
dence in cotton, with performance evaluated using both SFCV
(within-field interpolation) and 1FOCV (across-field general-
ization). This study is among few if not first to integrate the
preseason inoculum and weather in disease detection model
for cotton. We applied SHAP to add interpretability by provid-
ing meaningful insights into the drivers of model predictions.
Nonetheless, several limitations remain. First, the dataset is
relatively small, with unbalanced representation across inci-
dence classes, which affected model performance. Second,
disease severity was not considered; severity is not always
proportional to incidence and may provide complementary
information for understanding disease dynamics. Third, sev-
eral important management variables were not included in the
modeling framework. Irrigation practices, in particular, may
influence disease incidence in ways not captured by the cur-
rent model. Previous research has shown that disease severity
can be significantly greater under non-flooded conditions than
under periodic flooding (Sanogo et al., 2008). Detailed infor-
mation on irrigation scheduling and water application was
not available for inclusion in this study. Other management
factors, such as crop rotation history and tillage practices,
were also not considered, despite their known influence on
inoculum levels and disease expression. These omissions may
partly explain differences in model performance. In addition,
the models may capture signals of general plant stress rather
than Verticillium-specific symptoms. Many disease responses
might not be unique to this pathogen and can arise from a
range of biotic and abiotic stressors. For example, symptoms
of V. dahliae can closely resemble those caused by other wilt
pathogens, such as Fusarium oxysporum, the causal agent of
Fusarium wilt (EFSA Panel on Plant Health, 2014). There-
fore, background knowledge of field conditions is essential
for accurate interpretation.

The approach developed in this study provides a scal-
able and nondestructive framework for large-scale monitoring
of Verticillium wilt across both farm and regional levels.
Because, the framework relies on freely available remote
sensing and weather data, it can be readily implemented.
Furthermore, many cotton growers already collect preseason
inoculum data through routine soil sampling and diagnostic
testing, providing a valuable input that can be easily inte-
grated with these open-source datasets. A decision-support
tool built on this framework could enable cotton growers
and agronomists to identify high-risk zones early in the sea-
son, facilitating more informed management decisions such
as crop rotation planning, selection of resistant cultivars, and
prioritization of field interventions. In addition, within-season
identification of disease risk could help estimate potential
yield impacts supporting production planning.

Future work should expand the work by incorporating
data from more fields to improve model generalizability.
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Increasing the representation of minority classes will help
address class imbalance and enhance prediction robustness.
The variation in field-wise performance also underscores the
importance of incorporating diverse training data from mul-
tiple fields and seasons. Another promising direction is the
integration of advanced remote sensing data sources. Hyper-
spectral (Cogliati et al., 2021; Guanter et al., 2015) and ther-
mal imagery may provide early indicators of crop stress and
disease onset, enabling earlier and more accurate detection
(Calderén et al., 2013; Razaetal., 2015; J. Zhang et al., 2014).

Furthermore, coupling empirical ML models with radia-
tive transfer models such as PROSAIL could improve the
disease detection by linking spectral features directly to phys-
iological parameters affected by Verticillium wilt (e.g., leaf
chlorophyll, water content, and leaf area index). This hybrid
approach could enhance model generalization across regions
and growing conditions (Bai et al., 2025). Similarly, advances
in foundational Earth Observation models (Blumenstiel et al.,
2025; Zheng et al., 2024) present new opportunities for the
disease monitoring. These models, trained on massive and
diverse global datasets, enable the transfer of learned rep-
resentations across environments, provide a foundation for
developing disease monitoring models. Finally, extending
the analysis to incorporate disease severity alongside inci-
dence would provide a more comprehensive understanding of
disease dynamics in cotton fields.

S | CONCLUSION

This study presents a framework that integrates preseason
inoculum, weather, and remote sensing data for predicting
Verticillium wilt incidence in cotton using different ML mod-
els and evaluates its robustness using multiple validation
strategies. Models that incorporated all three data sources
achieved better predictive performance for both within field
interpolation and extrapolation across most fields than those
relying on subsets of these variables. The analysis also con-
firmed the critical role of spectral information particularly
from the NIR and red-edge regions, as well as the impor-
tance of preseason inoculum, whose influence on disease
incidence followed a nonlinear pattern. Among the evaluated
approaches, the RF model, showed the most robust perfor-
mance under both interpolation and extrapolation scenarios.

This integrated approach enables field-specific assess-
ment of Verticillium wilt incidence, helping growers make
informed decisions about yield loss expectations and tar-
geted field management. High-risk areas can be prioritized
for intensive treatment practices, while severely affected
areas may be temporarily removed from cotton production to
reduce inoculum buildup. The proposed approach has strong
potential for scaling across diverse cotton-growing regions,
particularly where similar multisource datasets are available.

Importantly, the study highlights the need for caution in
operational deployment, as models trained and tested within
the same field can overestimate the model performance, the
evaluation approach that has been commonly adopted in
previous studies. In contrast, IFOCV experiment resulted
in relatively lower predictive performance than typically
reported in the literature, underscoring the importance of
robust validation strategies to have reliable estimate of model
generalization. Future work should aim to expand datasets to
include more fields and minority classes, integrate disease
severity in addition to incidence, and leverage advanced sens-
ing technologies such as hyperspectral and thermal imagery
for earlier and more sensitive prediction of Verticillium wilt.
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