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Abstract: Cotton Verticillium wilt is a common fungal disease during the growth of cotton, leading
to the yellowing of leaves, stem dryness, and root rot, severely affecting the yield and quality of
cotton. Current monitoring methods for Verticillium wilt mainly rely on manual inspection and
field investigation, which are inefficient and costly, and the methods of applying pesticides in cotton
fields are singular, with issues of low pesticide efficiency and uneven application. This study aims
to combine UAV remote sensing monitoring of cotton Verticillium wilt with the precision spraying
characteristics of agricultural drones, to provide a methodological reference for monitoring and
precision application of pesticides for cotton diseases. Taking the cotton fields of Shihezi City,
Xinjiang as the research subject, high-resolution multispectral images were collected using drones.
Simultaneously, 150 sets of field samples with varying degrees of Verticillium wilt were collected
through ground data collection, utilizing data analysis methods such as partial least squares regression
(PLSR) and neural network models; additionally, a cotton Verticillium wilt monitoring model based
on drone remote sensing images was constructed. The results showed that the estimation accuracy
R2 of the PLSR and BP neural network models based on EVI, RENDVI, SAVI, MSAVI, and RDVI
vegetation indices were 0.778 and 0.817, respectively, with RMSE of 0.126 and 0.117, respectively.
Based on this, an analysis of the condition of the areas to be treated was performed, combining the
operational parameters of agricultural drones, resulting in a prescription map for spraying against
cotton Verticillium wilt.

Keywords: cotton Verticillium wilt; unmanned aerial vehicle (UAV) remote sensing; monitoring
model; precision spraying; prescription map

1. Introduction

Cotton is one of the world’s important economic crops, its yield and quality are of
great significance to both farmers and the national economy [1]. However, the production
of cotton is often threatened by various diseases and pests, among which cotton Verticillium
wilt is a serious disease. Cotton Verticillium wilt is a vascular disease caused by a soil-borne
pathogenic fungus (Verticillium dahliae), this disease occurs easily under hot and humid
climate conditions, leading to the yellowing of leaves, rotting of stems and roots, necrosis,
and eventually death of the plant, severely affecting the yield and quality of cotton [2,3].

Currently, the monitoring method for Fusarium wilt mainly relies on field manual in-
spection, primarily on the identification of Fusarium wilt characteristics, such as yellowing,
withering, fading or changing color of leaves, lesions, fuzzy edges, etc., and assesses the
severity of Fusarium wilt based on the size, color, and distribution of lesions on leaves,
usually combining some qualitative or quantitative assessment indicators, such as the pro-
portion of lesion area, the number of infected plants, etc., to evaluate the impact of diseases
in cotton fields [4,5]. Upon detecting Verticillium wilt, it is common to employ agricultural
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drones to carry out multiple rounds of extensive spraying, using anti-Verticillium agents
and fungicides to curb the further spread of the disease within the affected areas and to
prevent healthy areas from being invaded by the pathogen [6,7]. However, outbreaks
of Verticillium wilt often occur in a patchy pattern, and extensive spraying of pesticides
can lead to uneven application, residue, and pollution issues. High concentrations of the
solution can cause toxic effects such as leaf burn, chlorosis, stunted growth, and flower
wilting, leading to reduced cotton yield or quality [8,9]. Moreover, the long-term extensive
use of the same or similar types of pesticides is very likely to induce resistance to pests and
diseases, reducing the efficacy of treatments and making it difficult to control these issues
effectively [10]. If disease and healthy areas within medium and small-scale cotton fields
can be accurately identified, and precise area segmentation and graded treatment can be
implemented based on the severity of the disease, along with regular monitoring of disease
progression, it is possible to significantly reduce the widespread residue issues caused by
treating Verticillium wilt. Therefore, improving the monitoring methods for Verticillium
wilt and achieving precise application of pesticides in cotton fields is of great importance
for increasing cotton yield and quality, reducing pesticide use, preventing resistance issues,
and promoting sustainable agricultural development.

Existing methods for monitoring cotton field diseases are inefficient, inaccurate, and
costly, and are only suitable for medium and small-scale cotton fields. With the rapid
development of low-altitude remote sensing technology using drones, researchers have con-
ducted cotton field disease monitoring using drone remote sensing diagnosis [11]. Xavier
et al. used three spectral bands (near infrared (NIR), red, and green) as input features
and employed supported vector machine (SVM), multinomial logistic regression (MLR),
and random forest (RF) for machine learning classification of cotton field remote sensing
images, finding that SVM outperforms all other ML models in detecting cotton leaf wilt
disease [12]. Wang et al. proposed an automated method combining k-means segmentation
and morphological opening and closing, achieving automatic classification of cotton root
rot (CRR) in high-resolution drone remote sensing imagery [13]. Abdalla et al. proposed a
method combining time series analysis and convolutional neural networks-bidirectional
long-short term memory (CNN-BiLSTM) to overcome the challenges of spatiotemporal
variation and domain transfer in estimating plant diseases using UAV system images. They
achieved an overall classification accuracy of 89.7% on a one-year dataset and demonstrated
a generalization capability of 72.7% in cross-temporal and spatial disease severity classifica-
tion, effectively promoting the development of field crop disease assessment [14]. Wang
et al. used drones to obtain multispectral images, capturing split-frame canopy images of
cotton and converting them into the Lab* color space for training or validation samples. By
processing and combining two types of images, they established a model for the inversion
of cotton wilt disease infection and validated it with ground-based frame photos, providing
an effective monitoring method for cotton wilt [15]. Lu et al. addressed the issue of ineffi-
cient traditional manual operations in identifying cotton Fusarium wilt and proposed a new
method that combines spectral and image features. A classification model was constructed
by collecting hyperspectral images and applying various preprocessing and feature extrac-
tion methods. The savitzky golay smoothing-mean normalization-successive projections
algorithm-feature fusion-back propagation neural network (SG-MN-SPA-FF-BPNN) model
with fused spectral and image features achieved the best performance of 98.99%, providing
a theoretical basis and method for monitoring cotton Fusarium wilt [16].

Precision pesticide spraying refers to the use of navigation positioning systems, geo-
graphic information technology, or real-time sensor technology to generate spray prescrip-
tion maps based on different information about crops or pests and diseases, and converting
them into precise values for pesticide application. By adjusting the spray volume, speed, or
other parameters of the nozzle, targeted and differentiated pesticide spraying operations
can be achieved [17,18]. Precision spraying can reduce the amount of pesticides used and
improve their utilization rate, and it has been widely applied in the field of crops [19]. For
example, Campos et al. addressed the problem of time-consuming and inaccurate manual
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measurements of vineyard canopy characteristics and proposed a characterization method
based on UAV and satellite images. The relationship between manual and remote feature
data was analyzed through regression models, and clustering was performed based on
vine vigor levels. This achieved rapid and reliable estimation of canopy characteristics and
provided a theoretical basis for variable spraying in vineyards [20]. Yu et al. extracted five
high-spectral variables of rice within the 450–950 nm range and constructed a rice nitrogen
content inversion model based on the whale optimization algorithm and extreme learning
machine (WOA-ELM), realizing the diagnosis of rice nitrogen requirements through drone
hyperspectral remote sensing during the fertilization window of the cultivation period.
The results provide data and model bases for the precise variable fertilizer tracking of
agricultural drones during the tillering stage of cold-water rice [21]. Rudd et al. addressed
the issue of excessive application of defoliant in cotton-growing areas by including cotton
plant height and normalized difference vegetation index (NDVI) as primary factors for
variable spraying. The differences within the cotton canopy were expressed by manually
setting factor weights, achieving variable spraying of defoliant [22]. Li et al. trained a
U-Net with a crop dataset for crop segmentation and utilized color indices and the Otsu
thresholding algorithm for vegetation segmentation. Then, by removing the crop area
from the vegetation segmentation results, they achieved weed segmentation and created
a weed dataset, which was used to train an improved pyramid spatial pooling (PSP) net-
work for weed segmentation. The ratio of weed pixels to the total number of pixels in a
regionally segmented image was calculated to measure weed density. Finally, based on
the weed density threshold, prescription maps representing different treatment intensities
were generated [23]. These studies, by leveraging crop growth and plant characteristics to
achieve sensor-based variable prescription maps for pesticide application, highlight the
use of diverse information about crops as a hot topic in precision agriculture research.

In summary, cotton Fusarium wilt monitoring faces multiple challenges. Currently,
research on disease and pest control mainly focuses on cotton field disease detection. The
accuracy of traditional machine learning classification methods in cotton Fusarium wilt
monitoring is affected by the quality of the dataset. Due to the gradual leaf shedding in the
late stage of cotton Fusarium wilt, classifiers tend to misjudge the severity of the disease,
leading to a decrease in monitoring effectiveness. As the infection severity of Fusarium
wilt increases, plants lose water and chlorophyll content decreases, making the crown
disease characteristics more pronounced, thereby enhancing the sensitivity of vegetation
indices to disease responses. Therefore, the study combined vegetation indices strongly
correlated with Fusarium wilt to construct PLSR and BP neural network monitoring models.
Furthermore, existing cotton field disease detection models are difficult to directly guide
cotton field management, lacking research combining disease severity diagnosis with
precise spraying of plant protection equipment. Therefore, this study combines the drone
remote sensing diagnosis of cotton Verticillium wilt with the precision spraying features of
agricultural drones, using drone multispectral imagery to establish a monitoring map for
cotton Verticillium wilt disease condition, and on this basis, combining agricultural drone
operation parameters to analyze the condition of the areas to be treated with pesticides.
This approach creates a prescription map for applying pesticides to cotton fields affected
by Verticillium wilt, offering a methodological reference for cotton disease monitoring and
precision pesticide application.

2. Materials and Methods
2.1. Study Area

The experimental site is located in the 142nd Regiment, Seventeenth Company, Shi-
hezi City, Xinjiang Uyghur Autonomous Region, China (longitude 85.33–85.34, latitude
44.28–44.29) (see Figure 1). This area is situated in a temperate continental arid and semi-
arid climate zone, with an average annual temperature of 8.1 ◦C, average annual sunshine
duration of about 2700 h, scarce cloudiness, annual rainfall of 225 mm, annual evaporation
of 1250 mm, and a significant temperature difference between day and night. Agricultural



Drones 2024, 8, 176 4 of 18

production is entirely dependent on irrigation. The soil texture in the experimental area
is sandy loam, with a field water holding capacity of 28.92%, medium soil fertility, and a
soil pH value of 7.33. The cotton variety tested is Xinluzao 77, planted on 26 April 2023,
with a planting density of 18,000 plants per hectare. The area of the experimental field is
8250 square meters.

Figure 1. Study area and spatial distribution of the experimental site in cotton field of Company 17,
142 Mission Field, Shihezi City, Xinjiang.

2.2. Data Acquisition
2.2.1. Acquisition of Multispectral Images by Unmanned Aerial Vehicle

The study used the M300 RTK multirotor drone (DJI, Shenzhen, China) (see Figure 2a)
and the RedEdge-MX-Dual airborne multispectral imager (MicaSense, Seattle, WA, USA)
(see Figure 2b) for data collection. The M300 RTK supports the Real-Time Kinematic (RTK)
positioning system, which utilizes ground reference station data for real-time correction,
providing higher positioning accuracy. It can achieve positioning accuracy of 1 cm ± 1 ppm
in the horizontal direction and 1.5 cm ± 1 ppm in the vertical direction, enabling the
M300 RTK to meet higher precision requirements in fields such as mapping and precision
navigation. The RedEdge-MX-Dual has a ground sampling distance (GSD) of 8 cm at a
hover altitude of 120 m. The camera captures ten channels within the 400–900 nm spectral
range, including coastal blue, blue, green, red, red edge, and near-infrared.

UAV images of the study area were collected between 11:00–12:00 on 18 July 2023. At
this time, cotton was in the boll stage, during the peak period of cotton Verticillium wilt,
under clear weather conditions, with a wind force of level 1, and a temperature of about
38 ◦C. The drone’s flying altitude was set to 50 m, with a GSD of 3.47 cm/pixel, a forward
overlap of 80%, and a side overlap of 80%. A downlink light sensor (DLS) was used to
correct for global illumination changes during the flight, including variations caused by
cloud cover (see Figure 2c), and a set of correction images was taken before and after the
flight. The camera was positioned 1 m above a diffuse reflectance reference board, with a
reflectance of 50%, located in the middle of the screen (see Figure 2d).
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Figure 2. Multispectral image acquisition equipment: (a) M300 RTK multicopter, (b) RedEdge-MX-
Dual airborne multispectral imager, (c) DLS optical sensor, (d) calibrated reflectance panel (CRP).

2.2.2. Classification of Verticillium Wilt Disease Severity in the Field

Due to the continuous invasion and cumulative effects of Verticillium wilt, the health
status of cotton will gradually deteriorate, manifesting as continuous changes in leaf
symptoms, with leaf symptoms at different infection levels shown in Figure 3. In this study,
based on the disease index (DI) of the cotton Verticillium wilt test population, the severity
of canopy disease was divided into five levels [24] (see Table 1). To ensure randomness and
uniformity of sampling points, ground monitoring points were arranged in a grid pattern.
A manual 50 cm × 50 cm auxiliary frame was made and placed at the cotton canopy of
the monitoring points (Figure 4a). According to the cotton Verticillium wilt detection and
reporting technical standard NYT 3700-2020, the severity of cotton Verticillium wilt was
statistically analyzed, calculating the disease index at each monitoring point and classifying
the severity of the disease. Simultaneously, the latitude and longitude of the center of the
frame were measured using handheld RTK global positioning system (GPS) equipment
(Figure 4b), ultimately obtaining 150 ground-truth data points of Verticillium wilt with
various severities and geographic coordinates, the distribution of samples is shown in
Table 2.

Figure 3. Leaf symptoms of Verticillium wilt at different infection levels: (a) healthy, (b) slight
infection, (c) mild infection, (d) moderate infection, (e) severe infection.
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Table 1. Cotton Verticillium wilt disease severity grading criteria.

Disease Severity Disease Index (DI) Disease Division Standard

b0 (Health) 0 Healthy plants, no diseased leaves.

b1 (Slight) 0 < DI ≤ 25% Symptoms are visible on less than 1/4 of the leaves, with yellowish or yellow
irregular lesions between the main veins of the leaf.

b2 (Moderate) 25% < DI ≤ 50% 1/4 to 1/2 of the leaves show symptoms, most of the spots are yellow or
yellow–brown, the edge of the leaf blade is slightly curled withered.

b3 (Serious) 50% < DI ≤ 75% 1/2 to 3/4 of the leaves show disease, with a few leaves falling off.

b4 (Critical) 75% < DI ≤ 100% More than 3/4 leaf disease, mostly brown spots, cotton plant leaf shedding for
light pole, or even death.

Figure 4. Ground survey of cotton Verticillium wilt disease severity: (a) auxiliary frame, (b) RTK GPS
measuring equipment.

Table 2. The distribution of samples across different disease severity levels.

Disease Severity B0 B1 B2 B3 B4

Number of samples 11 21 20 68 30
Proportion 7.33% 14% 13.34% 45.33% 20%

The disease index (DI, %) was derived using the following method, based on the
cotton Verticillium wilt disease severity grading standard:

DI = ∑(X · f ) · 100
n · ∑ f

(1)

where X denotes the number of disease severity levels, n is the number of greatest illness
levels, and f is the number of plants at each level.

2.2.3. Unmanned Aerial Vehicle (UAV) Image Data Preprocessing

Drone images were pre-processed using Agisoft Metashape Professional (v2.0.1), in-
cluding steps such as initialization, aerial triangulation, radiometric correction, feature point
matching (edge joining, color adjustment, mosaicking, and cropping), spectral vegetation
index (SVI) calculation, and the generation of RGB (red, green, blue) images and vegetation
index images. To enhance the geometric accuracy of drone imagery, aerial triangulation
processing was conducted using ground targets as image control points. Simultaneously,
to ensure the calibration accuracy of drone imagery, a radiometric correction method was
introduced. This involves calibrating drone images using two diffuse reflectance reference
panels (one captured before flight, and the other captured after flight), ultimately generat-
ing high-precision multispectral drone digital orthophoto imagery (DOM). To obtain the
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distribution of vegetation indices in remote sensing image data, square regions of interest
(ROIs) of equal size are drawn around ground-truthed points using the region of interest
(ROI) tool in ENVI (Environment for Visualizing Images), centered at the latitude and
longitude of the collected ground points. These ROIs are used to mark the ground survey
area, and spectral indices are calculated for all ROIs using the band calculation tool in ENVI.
The study selected ten vegetation indices extensively used in cotton disease monitoring (see
Table 3), such as the ratio vegetation index (RDVI), soil-adjusted vegetation index (SAVI),
enhanced vegetation index (EVI), modified soil-adjusted vegetation index (MSAVI), and
red-edge normalized difference vegetation index (RENDVI), among others.

Table 3. Vegetation index calculation formula.

Vegetation Index Formula References

Ratio vegetation index (RVI) NIR
R [25]

Renormalized difference
Vegetation index (RDVI)

NIR−R√
NIR+R

[26]

Green normalized difference
vegetation index (GNDVI)

NIR−G
NIR+G [27]

Red edge normalized difference vegetation index
(RENDVI)

NIR−RE
NIR+RE [28]

Difference vegetation index (DVI) NIR − R [29]
Soil adjusted vegetation index (SAVI) (NIR−R)∗(1+L)

(NIR+R+L)
[30]

Optimized soil adjusted
vegetation index (OSAVI)

1.16∗(NIR−R)
NIR+R+0.16

[31]

Modified soil adjusted
vegetation index (MSAVI)

2 ∗ (NIR + 1)−√
(2∗NIR+1)2−8(NIR−R)

2

[32]

Enhanced vegetation index(EVI) 2.5∗(NIR−R)
(NIR+6∗R−7.5∗B+1)

[33]

Normalized difference water
index (NDWI)

G−NIR
G+NIR [34]

Note: B represents the blue band, G represents the green band, R represents the red band, RE represents the red
edge band, NIR represents the near-infrared band, and L is the soil adjustment parameter, ranging from zero
to one.

2.2.4. Setting Parameters for Agricultural Drone Operation

Prescription maps represent dosage levels, system response data, and the overlay of
geographic information layers. Single spatial distribution data cannot meet the operational
requirements of agricultural equipment. With the advancement of drone technology, un-
manned aerial spraying systems have rapidly developed and are widely used in cotton
field spraying. They possess rapid and accurate spraying capabilities, as well as high oper-
ational flexibility and efficiency [35]. Drones can autonomously fly and perform automated
operations along preset paths and parameters, reducing labor costs and environmental
pollution risks. However, current cotton field drone spraying mostly adopts quantitative
spraying, lacking operational guidance information combined with agricultural moni-
toring. Therefore, the construction of prescription maps is crucial for achieving precise
drone spraying. Taking the DJI T16 agricultural drone as an example, this study analyzes
the disease situation in cotton fields based on drone operational parameters. The drone
spraying width is 4–6.5 m, with a maximum load of 15.1 L, nozzle model XR11001VS, and
flight mode in autonomous control mode. The drone operational conditions such as wind
speed, temperature, and humidity must comply with the relevant provisions of GB/T
25415 and NY/T 1533. In addition, the quality requirement for drone operations is that
the uniformity of droplet distribution should be less than 50%, and the requirements for
agricultural drone operational parameters (Table 4) and the calculation of spraying rate per
unit time refer to the Technical Guidelines for Agricultural Drone Cotton Field Spraying
T/CCPIA 057—2020.
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Table 4. Parameter requirements for plant protection drone operations on cotton.

Volume of Liquid Applied
L/hm2

Altitude
m

Flight Speed
m/s

1–1.5 1.5–4 3.5–5.5

The amount of pesticide applied per unit of time was calculated based on the parame-
ters of plant protection drone operation with the following formula:

Q =
V × q × D × 60

10, 000
(2)

where Q is the total flow rate of the nozzle; V is the flight speed; q is the amount of liquid
applied; and D is the spray width.

2.3. Data Analysis and Evaluation

This study first analyzed the spectral characteristics of different disease levels in
the cotton canopy, combined with their sensitivity to spectral features, and conducted a
correlation analysis between ten sets of spectral index values in the target area of remote
sensing images and ground-truthed data of Fusarium wilt disease severity to select suitable
spectral indices. Secondly, it identified vegetation indices highly correlated with the
severity of Fusarium wilt disease, and used partial least squares regression models and
BP neural networks with ground-truthed data as target values. The vegetation indices
with high correlations in the remote sensing data were used as multivariate variables for
modeling, to establish a predictive model of Fusarium wilt disease severity. Finally, the
accuracy of the established model was evaluated by combining ground-truthed data for
the precision assessment of its predictive ability. The study obtained 150 ground data
samples of Verticillium wilt severity. Since collecting empirical data for the study required
significant labor, and although as many measurements as possible were taken to ensure
model training accuracy, the dataset remained a small sample set. Therefore, the data were
divided into training and testing sets in an 8:2 ratio, with 80% of the samples (120 samples)
selected randomly as the training set and 20% of the samples (30 samples) used as the
test set.

2.3.1. Partial Least Squares Regression

Partial least squares regression (PLSR) is a technique that simultaneously performs
dimensionality reduction and regression analysis. It predicts one or more response variables
by mapping high-dimensional input features to a lower-dimensional space [36]. PLSR
integrates the advantages of principal component analysis (PCA) and multiple linear
regression (MLR). By constructing latent variables that maximize the correlation between
predictor variables and response variables, it effectively addresses the problem of high
correlation or multicollinearity between variables [37]. In the regression process, the
number of selected predictor variables is crucial for the model’s performance. Too many
variables may lead to overfitting, while too few may fail to capture enough information. In
PLSR analysis, the variable importance in projection (VIP) value is an important indicator
of the explanatory power of predictor variables for response variables. It is calculated by
considering the influence of each predictor variable on each latent variable comprehensively.
A higher VIP value indicates a greater contribution of the corresponding predictor variable
to explaining the variance of the response variable [38]. Its calculation formula is as follows:√√√√√√n

∑a
j=1 b2

j tT
j tj

(
wkj

||wj||

)2

∑a
j=1 b2

j tT
j tj

(3)
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where b is the regression coefficient, wj is the weight vector, and tj is the score vector for
the kth element.

This study implemented the partial least squares regression (PLSR) algorithm in the
Python 3.7 environment using the partial least squares regression function from the Scikit-
Learn (1.0.2) package. The selection of model predictors was based on the VIP values.
By mapping the original data to the latent variable space, redundant information in the
data was reduced, thereby enhancing the predictive performance and interpretability of
the model [39]. Additionally, the model was built by maximizing the covariance between
predictor and response variables, aiming to improve the predictive ability and robustness
of the model under small sample data.

2.3.2. Backpropagation Neural Network

Backpropagation neural network (BP neural network) is a perceptual machine-based
neural network model that is frequently employed in the solution of classification and
regression issues [40]. The backpropagation algorithm is used to train the BP neural
network, which contains three types of neural network layers: a input layer, a hidden
layer, and an output layer. The input layer of a BP neural network accepts input data,
the hidden layer analyzes the information and extracts the features using many neurons,
and the output layer provides the final prediction result. By modifying the network’s
weights and biases, the BP neural network may learn and adapt the model to minimize
the difference between anticipated and actual values. BP neural networks typically feature
more than one hidden layer, with each hidden layer containing a varied number of neurons.
BP neural networks may extract higher-order feature information by increasing the number
of hidden layers and the size of neurons, which increases the model’s performance and
expressiveness [41].

This study implemented the construction of a BP neural network using the Pytorch
(1.7.1) deep learning library in the Python 3.7 environment. Rectified linear unit (ReLU)
was selected as the activation function in the network model, the mean squared error was
used as the optimization function, the mean squared error was chosen as the loss function,
and the model iteration was set to 100 times.

2.3.3. Model Evaluation Indicators

The indicators for evaluating the prediction model in this study were the coefficient
of determination (R2) and the root mean square error (RMSE). The RMSE is the average
error between the prediction and actual condition index results. The model computations
yielded the predicted results, and the actual results were compared to the manual ground
truth data in Section 2.2.2. The greater the R2 and the lower the RMSE of the prediction
and validation models, the better the model stability and prediction accuracy.

R2 = 1 − ∑ i
(
ŷi − yi)

2

∑ i(ȳi − yi)2 (4)

RMSE =

√
1
m∑m

i=1(yi − ŷi)2 (5)

K-fold cross-validation is a common method for evaluating models, which can solve
the overfitting problem [42]. Since all samples were manually collected and measured, and
the total number of samples was small, the value of K was set to five. Of the samples, 80%
were used for modeling, and this process was repeated five times.

3. Results
3.1. Analysis of Spectral Characteristics of Cotton Canopy at Different Disease Levels

Physiological changes caused by crop diseases affect the energy balance of crops and
their interaction with solar radiation and leaves [43]. The range of 450–700 nm (visible
light) constitutes a strong absorption band for leaves. Due to the strong absorption effect of
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photoreceptors, especially chlorophyll, a green light reflection peak at 550 nm and a red
light absorption valley at 660 nm are formed, exhibiting the unique spectral characteristics
of photosensitive pigments [44]. As shown in Figure 5, the spectral characteristics of cotton
canopy under Fusarium wilt stress show significant differences between populations with
disease indices B0, B1, B2, B3, and B4.

Figure 5. Spectral responses at different disease levels.

It can be observed from Figure 5 that, after cotton is infected with Fusarium wilt, the
spectral characteristics undergo significant changes. With the increase in Fusarium wilt
severity, its photosynthesis and chlorophyll content are affected, leading to a decreasing
trend in spectral reflectance. Cotton spectral reflectance gradually increases from 444 nm to
560 nm, decreases slowly from 560 nm to 668 nm, and then gradually increases from 668 nm
to 842 nm, with the highest increase rate observed at 705 nm to 740 nm. The differences
in spectral characteristics of canopy between cotton plants with different severity levels
of Fusarium wilt are significant. There is no significant difference in spectral reflectance
between visible light and red edge (444–705 nm) ranges. However, there is a significant
difference in reflectance between the red edge and near-infrared (705 nm–842 nm). The more
severe the disease, the more significant the changes in the leaf reflectance characteristics
of cotton, which is related to the degree of chlorophyll loss and tissue structure damage.
Considering the correlation between spectral characteristics and Fusarium wilt, vegetation
indices were selected as indicators for further analysis. Vegetation indices can effectively
reflect the growth status and health of vegetation, closely related to the physiological
changes in Fusarium wilt. Therefore, by analyzing the correlation between vegetation
indices and Fusarium wilt severity indices, the mechanism of Fusarium wilt’s influence
on cotton vegetation spectral characteristics can be deeply understood, providing more
effective methods and technical support for disease monitoring and prediction.

3.2. Data Modeling
3.2.1. Correlation Analysis

The vegetation index and the condition index were associated using the univariate
linear regression model (see Figure 6). As illustrated in Figure 6, the vegetation index and
the condition index all showed significant correlation, the NDWI was positively correlated
with the condition index, and all other vegetation indices were negatively correlated with
the condition index, indicating that the vegetation index decreased with the increase in the
condition index. Since there were significant correlations between vegetation indices and
condition indices, to avoid a large amount of redundancy in the data, the five vegetation
indices with the highest absolute values of correlation coefficients |r| (EVI, RENDVI, SAVI,
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MSAVI, and RDVI) were introduced as independent variables, and the condition index was
used as the dependent variable, and a model was constructed to estimate the DI with PLSR
and the BP neural network. Meanwhile, the model’s estimation accuracy was validated by
comparing the model’s projected values to the measured values (R2, RMSE).

Figure 6. Correlation between several vegetation indices and the cotton Verticillium wilt disease
index; *** denotes significant at the 0.001 level, ** indicates significant at the 0.01 level, and * indicates
significant at the 0.05 level.

3.2.2. Partial Least Squares Regression Model

In order to compare the importance of each variable in explaining the dependent
variable, the VIP values of RDVI, SAVI, EVI, MSAVI, and RENDVI were calculated, resulting
in 0.968, 1.003, 1.013, 0.991, and 1.025, respectively. Among them, the VIP scores of SAVI,
EVI, and RENDVI were greater than one, indicating that they all have significant effects
on explaining the response variables of the model. However, the VIP values of RDVI and
MSAVI were also close to one, so it is not possible to effectively determine the number of
model independent variables. The study further confirmed the best variable combination
using cross-validation method, based on VIP score, starting from the most important
variable and adding variables one by one, and each addition was evaluated based on the
model performance to determine whether the newly added variable should be retained.
The cross-validation results are shown in Figure 7.

From Figure 7, it can be seen that the model performed best when selecting RENDVI
and EVI as independent variables. Therefore, they were set as predictive variables for PLSR
modeling of the modeling set, using the following calculation formula:

Y = −0.1029 × RENDVI − 0.1108 × EVI + 0.7318 (6)

The test dataset was validated using the inversion model, and the accuracy of the
model estimation was verified by comparing the model’s estimated values with the actual
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measured values (R2, RMSE). As shown in Figure 8, the model had good estimation
accuracy on both the training set (modeling set R2 = 0.807, RMSE = 0.101) as well as the
test set (test set R2 = 0.778, RMSE = 0.126), which indicates that the model can effectively
predict the disease index of cotton Verticillium wilt.

Figure 7. Cross-validated Mean Square Error for different variable combinations.

Figure 8. Evaluation of the results of the PLSR model for estimating cotton DI: (a) evaluation of the
results of the modeling set, (b) evaluation of the results of the testing set.

3.2.3. Backpropagation Neural Network Model

Considering that the research samples belong to a small dataset, an excessive number
of hidden layers may lead to the overfitting of the model, making it unable to generalize
well to new data. Therefore, this study determined the number of hidden layers as six
through trial and error, and by comparing the determination coefficients of models under
different neuron conditions, the number of neurons in the hidden layer was determined
to be six, thus establishing the structure of the neural network. As shown in Figure 9,
the vegetation index for each sample point was calculated and input it into the BP neural
network for training. The input samples included EVI, RENDVI, SAVI, MSAVI, and RDVI,
and the output sample was the disease index DI. Of the sample data, 80% was used for
network model training, while 20% was used for model performance validation.
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Figure 9. BP neural network model to calculate the condition index.

Figure 10 displays the model’s performance on the modeling set and the test set. The
model performed slightly better than PLSR on the training set, with an R2 value of 0.846
and an RMSE of 0.097, and on the test set, with an R2 value of 0.817 and an RMSE of 0.117,
which can add methodological support for the prediction of the severity of Verticillium
wilt disease in the test area.

Figure 10. Evaluation of the results of the BP neural network model for estimating cotton DI:
(a) evaluation of the results of the modeling set, (b) evaluation of the results of the testing set.

3.3. Cotton Verticillium Wilt Severity Assessment

The results in Section 3.2 show that both the PLSR and BP neural network models
performed well on the dataset, with the BP neural network’s estimation accuracy being
higher than that of the PLSR. However, due to the abundance of data in the remote sensing
images and in an effort to conserve computational resources, the study used the PLSR
model to forecast the severity of the cotton verticillium wilt disease in the experimental
field, and the results of the prediction of the Verticillium wilt disease index are shown in
Figure 11. As shown in the image, the severity of cotton Verticillium wilt changes from
low to high according to the color changing from yellow to red, and the figure depicts the
severity of cotton Verticillium wilt in various spatial locations, which significantly reduces
work intensity, expands workspace, and boosts monitoring effectiveness, when compared
to the conventional manual survey.



Drones 2024, 8, 176 14 of 18

Figure 11. Predicted results of Verticillium wilt disease index.

3.4. Application Prescription Map Construction

Figure 11 displays the spatial information of the severity of cotton Verticillium wilt,
showing differences in status between regions. However, it lacks information on the dosage
levels of the application equipment and the geographic location of the application grid,
making it unsuitable for directly guiding the application equipment to conduct spraying
operations. Combining factors such as drone parameters, operational conditions, and the
degree of operational quality requirements, the actual size of the prescription grid is set to
5 × 5 m, and spatial distribution data are resampled by the grid’s mean for the division of
operation areas with different pesticide application rates. The drone’s unit time pesticide
spraying rate can be calculated using Formula (2), ranging from 0.56–2.1 mL/min. Referring
to the grading standard for Verticillium wilt and considering the response mechanism of the
application equipment, the dosage of Verticillium wilt medication in cotton fields is divided
into five spraying levels, corresponding to different levels of severity of Verticillium wilt.
Level B0 corresponds to a spraying rate of 0; Level B1 corresponds to 0.56–0.75 mL/min;
Level B2 corresponds to 0.76–1.0 mL/min; Level B3 corresponds to 1.01–1.5 mL/min; and
Level B4 corresponds to 1.51–2.1 mL/min. Through the process of mining the status quo
information, processing the status quo information, and mapping the presentation site,
the inverse information map becomes a guidance prescription map that can be used for
spraying Verticillium wilt control agents (Figure 12). The map contains high-precision
geographic location information, the corresponding disease level, and the amount of
pesticide applied, and the UAV sprayer can implement different pesticide spraying amounts
in different spatial locations, and the prescription map can be used to guide the next stage
of cotton Verticillium wilt control.
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Figure 12. Prescription chart for Verticillium wilt application in cotton fields.

4. Discussion

In this study, a cotton Verticillium wilt monitoring model was constructed using high-
resolution UAV multispectral images, and the model was able to swiftly and precisely
assess the severity of the Verticillium wilt disease in cotton fields, and, on the basis of
this, along with the agricultural UAVs’ operational parameters, to assess the state of the
plots where medicine was to be applied and to form a prescription map of Verticillium wilt
application in cotton fields, which provides methodological references for the monitoring
of cotton diseases and precise application of medicine. Compared with the traditional
large-area application, this method greatly reduces the cost and improves the application
efficiency. Through the analysis of cotton Verticillium wilt canopy spectra, it was found
that the spectra reflectance of different severity levels had similar characteristics, with
reflectance peaks near the 560 nm wavelength and absorption troughs at the 475 nm and
668 nm wavelengths. The spectral differences between different disease grades were
more pronounced in the near-infrared region. Chen et al. found that the visible red light
region is highly sensitive to changes in chlorophyll, which significantly decreases with
increasing Verticillium wilt infection [45]. Additionally, due to the effects of leaf area index
(LAI), vegetation coverage, and biomass, the canopy spectra of Verticillium wilt are more
reflective than those of normal canopies. Considering the correlation between spectral
features and the severity of Verticillium wilt, compared to Xavier et al. who used SVM
and other classifiers to classify cotton leaf blight [12], this study directly used vegetation
indices highly correlated with Verticillium wilt to invert the disease index. The study then
gridded the areas to be treated, generating intuitive prescription maps, providing guidance
for cotton field production management.

Traditional machine learning classification methods rely on the quality of the dataset
for model accuracy. In the late stages of cotton Verticillium wilt, leaves gradually fall off,
making it easy to misjudge the severity of Verticillium wilt in the area through classifiers,
thus reducing the effectiveness of pesticide application. As the degree of Verticillium
wilt infection increases, plants lose water, chlorophyll content decreases, and canopy
disease characteristics become more pronounced, thereby enhancing the sensitivity of
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vegetation indices to disease response spectra. Therefore, this study combines spectral
features and vegetation indices to construct PLSR and BP neural network Verticillium wilt
monitoring models to spatially invert the actual severity of Verticillium wilt occurrence
in cotton fields. It effectively characterizes the distribution of Verticillium wilt but cannot
provide precise pesticide prescription data to drones in actual operation. Hence, this
research combines factors such as the spray width of the drone sprayer, the accuracy of
the positioning system, and the response speed of the spraying system, and, according to
the suggestions of agronomic experts, divides the pesticide dosage for cotton Verticillium
wilt into three spraying levels, generating pesticide prescription maps with geographic
coordinate information to provide data support for precise pesticide application by cotton
field crop protection drones.

This study constructed a cotton Verticillium wilt monitoring model and obtained a
prescription map based on the inversion results. However, there are still shortcomings.
Due to the limitations of manually collected data, the research data samples are relatively
small. In the future, we will expand the scope of data collection to ensure that we have a
diverse dataset. Additionally, we will explore methods such as using synthetic data, data
augmentation techniques, and simulated data to increase the amount of data. Furthermore,
in the actual field operation environment, cotton field crop protection drones face many
challenges. Factors such as wind speed, terrain, and flight speed greatly interfere with
achieving precise pesticide application with drones. We will conduct guided experiments
on variable spraying by drones using prescription maps, while optimizing the unmanned
pesticide control system to improve the deposition rate of pesticide application by drones,
achieving precision spraying, and providing reliable technical means for cotton production
management to increase cotton yield and quality.

5. Conclusions

This study utilized UAV to obtain high-resolution multispectral images and collected
150 sets of actual cotton Verticillium wilt data through ground surveys. Additionally,
it analyzed the spectral characteristics of different disease levels in cotton canopies and
calculated the correlation between different vegetation indices and cotton Verticillium wilt
disease indices based on their sensitivity to spectral features. By extracting five sets of
vegetation index values (EVI, RENDVI, SAVI, MSAVI, and RDVI) and calculating the cotton
Verticillium wilt disease index, a cotton Verticillium wilt detection dataset was constructed,
and cotton Verticillium wilt monitoring models based on PLSR and BP neural networks
were developed. The detection accuracies (R2) of the models on the modeling set were 0.807
and 0.846, and the RMSE were 0.101 and 0.997, respectively. On the testing set, the detection
accuracies (R2) were 0.778 and 0.817, and the RMSE were 0.126 and 0.117, respectively. The
models effectively achieved cotton Verticillium wilt detection, and based on the inversion
results of the model, the severity of cotton Verticillium wilt in different spatial locations
was determined, reducing workload and improving monitoring efficiency. Furthermore,
combined with agricultural UAV operation parameters, disease analysis was conducted
on areas to be treated, forming prescription maps for cotton Verticillium wilt, providing a
method reference for cotton disease monitoring and precision pesticide application.
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