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Abstract: Appropriate modeling methods and feature selection algorithms must be selected to
improve the accuracy of early and mid-term remote sensing detection of wheat stripe rust. In
the current study, we explored the effectiveness of the random forest (RF) algorithm combined
with the extreme gradient boosting (XGboost) method for early and mid-term wheat stripe rust
detection based on the vegetation indices extracted from canopy level hyperspectral measurements.
Initially, 21 vegetation indices that were related to the early and mid-term winter wheat stripe rust
were calculated on the basis of canopy level hyperspectral reflectance. Subsequently, the optimal
vegetation index combination for disease detection was determined using correlation analysis (CA)
combined with RF algorithms. Then, the disease severity detection model of early and mid-term
winter wheat stripe rust was constructed using XGBoost method based on the optimal vegetation
index combination. For the evaluation and comparison of the initial results, three commonly used
classification methods, namely, RF, backpropagation neural network (BPNN), and support vector
machine (SVM), were utilized. The vegetation index combinations determined by the single CA
algorithm were also used to construct detection models. Compared with the detection models based
on the vegetation index combination obtained using the single CA algorithm, the overall accuracy of
the four detection models based on the optimal vegetation index combination based on CA combined
with RF algorithms increased by 16.1% (XGBoost), 9.7% (RF), 8.1% (SVM), and 8.1% (BPNN). Among
the eight models, the XGBoost detection model based on the optimal vegetation index combination
using CA combined with RF algorithms, CA-RF-XGBoost, achieved the highest overall accuracy
of 87.1% and the highest kappa coefficient of 0.798. Our results indicate that the RF combined
with XGBoost can improve the detection accuracy of early and mid-term winter wheat stripe rust
effectively at canopy scale.

Keywords: wheat stripe rust; hyperspectral; early and mid-term; vegetation index; random forest;
extreme gradient boosting

1. Introduction

Wheat stripe rust is an airborne epidemic disease that causes high yield loss and
extensive damage in wheat production globally. During the epidemic period, wheat stripe
rust will cause the wheat yield to decrease by more than 40% [1,2]. It is a low-temperature,
high-moisture, high-light fungal disease that produces fungal spores on leaves infected
by this pathogen and forms narrow yellow stripes parallel to the leaf veins, with dashed

Agriculture 2022, 12, 74. https://doi.org/10.3390/agriculture12010074 https://www.mdpi.com/journal/agriculture

https://doi.org/10.3390/agriculture12010074
https://doi.org/10.3390/agriculture12010074
https://doi.org/10.3390/agriculture12010074
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriculture
https://www.mdpi.com
https://orcid.org/0000-0003-1710-8301
https://orcid.org/0000-0002-5577-8632
https://doi.org/10.3390/agriculture12010074
https://www.mdpi.com/journal/agriculture
https://www.mdpi.com/article/10.3390/agriculture12010074?type=check_update&version=1


Agriculture 2022, 12, 74 2 of 16

stripes [3]. In the later stages of spore development, the epidermis will rupture and a
rust-colored powdery substance will appear [2]. Therefore, the use of modern information
technology to obtain realtime and accurate information on the incidence of wheat stripe
rust is important for the accurate prevention and control of wheat diseases, reduction in
pesticide pollution, and improvement of wheat yield and quality [4].

Hyperspectral remote sensing data can provide detailed spectral information of land-
forms to invert the degree of crop stress by diseases quantitatively [5–7]. At present, some
scholars have used wheat hyperspectral remote sensing data to detect the stress degree of
winter wheat affected by stripe rust quantitatively [8,9]. The change in vegetation indices
typically indicates the aging of vegetation, disease, or environmental stress. For example,
Huang et al. [10] stated that the photochemical reflectance index (PRI) could detect the
occurrence of winter wheat rust disease on the scale of the crown layer and field effectively.
Devada et al. [11] showed that stripe rust and healthy wheat could be distinguished by
the anthocyanin reflectance index (ARI). Kang et al. [12] obtained 16 spectral vegetation
indices, such as water index (WI) and normalized difference water index (NDWI), by ana-
lyzing the hyperspectral reflectance of winter wheat canopy. Wang et al. [13] selected seven
hyperspectral vegetation indices that were significantly related to the occurrence of winter
wheat stripe rust as input variables for the PLS regression model to establish a disease
inversion model for winter wheat stripe rust. Shi et al. [9] established a novel wheat rust
spectral feature set by using vegetation indices. The detecting accuracy of early and late
winter wheat stripe rusts reached 72.6% and 89.3%, respectively. However, it appears to be
insufficient to utilize this combination of vegetation indices casually for disease detecting
in the disease’s development.

In the process of model construction, the selection of appropriate feature variables
for selection algorithms and models is a very critical issue because factors, such as noise
and uncorrelated features in the original data, can reduce the generalization ability and
accuracy of algorithmic models [14]. At present, the characteristic selection algorithm for the
hyperspectral data of winter wheat stripe rust mainly analyzes and screens the correlation
between the spectral characteristic variables and the disease index (DI) through the selection
method [13,15]. The evaluation criteria of this method are obtained from the intrinsic
properties of the spectral data itself [16]. The algorithm is simple and has good versatility.
However, it does not consider the correlation among characteristic variables, and obtaining
the optimal feature variable set is difficult, thereby reducing the generalization ability
of the model. Random forest (RF) is an integrated learning feature selection algorithm
with excellent robustness to multitemporal and noise-laden data, which can solve the
multicollinearity problem of feature variables effectively [17,18]. Some scholars have
used RF for feature selection to remove redundant information in the spectral data and
achieve higher inversion accuracy with a smaller set of spectral feature variables. This
algorithm has gradually been widely used in remote sensing data processing [19,20].
Backpropagation neural network (BPNN) and support vector machine (SVM) are traditional
machine learning methods; BPNN has strong nonlinear function approximation capability,
and Jiang et al. [1] used this method combined with Sentinel-2 image data to complete
remote sensing detecting of wheat stripe rust. The support vector machine based on
the application of inner product kernel function has strong robustness for small sample
data, and this method is now widely applied to crop disease detecting and prediction
research [9]. Compared with traditional machine learning methods, the extreme gradient
boosting algorithm (XGBoost), as a novel machine learning algorithm, can reduce the
degree of model overfitting and the computational effort [21]. In addition, this algorithm
can improve the generalization ability of the model, thereby providing new ideas and
methods for the detection and prediction of crop diseases [22]. Ahmed et al. [23] used the
XGBoost algorithm to predict the occurrence of vegetation infestation by cotton leaf miner
with a prediction accuracy of 84%, which was higher than the prediction results obtained
by algorithms such as RF and logistic regression. Sandino et al. [24] identified healthy
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and infested trees in forests by exotic pathogens through the XGBoost algorithm with a
classification accuracy of 97%.

The spectral vegetation indices will be changed by wheat stripe rust at different sever-
ity levels [4,8,25]. In this study, features were extracted from wheat stripe rust hyperspectral
data by CA and CA-RF feature selection algorithms, and the two sets of feature variables
were combined with four monitoring algorithms to construct eight early and mid-stripe rust
monitoring models. The main objectives of this study were to (1) compare CA and CA-RF
algorithms to determine the most suitable sensitive vegetation indices for detecting wheat
stripe rust and to analyze them in combination with spectral bands; (2) construct a stable
algorithmic model to detect the severity of wheat stripe rust in the early and mid-term by
comparing the detection performance of eight models and provide methodological and
technical references for making scientific and effective disease control decisions.

2. Materials and Methods

This study analyzed the hyperspectral data of winter wheat canopy to choose the
vegetation indices and modeling methods that could identify the early and mid-term
of stripe rust. The overall process, which consisted of four main steps: (1) field data
acquisition, (2) optimal feature selection, (3) detecting model construction, and (4) model
evaluation, is shown in Figure 1. In addition, the processing of the data was performed by
Python for data analysis and model construction.
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boosting method; RF indicates random forest method; SVM indicates support vector machine method;
BPNN indicates backpropagation neural network method.



Agriculture 2022, 12, 74 4 of 16

2.1. Experimental Site and Design

The experiment of winter wheat stripe rust was conducted at the experiment site
in Langfang, Chinese Academy of Agricultural Sciences, Hebei Province (39◦30′40′′ N,
116◦36′20′′ E), China in 2017 and 2018. The area is a typical northern crop planting area in
China with excellent soil quality that meets the natural conditions for the growth of winter
wheat. During the experiment, the study area was divided into four groups, namely, A,
B, C, and D (Figure 2). The area of each group was 220 m2, with A and D as the healthy
groups and B and C as the infected groups. The experimental variety of winter wheat
“Mingxian 169”, which is a susceptible wheat variety, was selected for artificial inoculation
to achieve wheat stripe rust infection. The experiment was conducted by mixing pre-
prepared wheat stripe rust fungus (spores) with water to form a spore suspension at a
concentration of 9 mg/100 mL, spraying the suspension uniformly on wheat leaves with
a hand-held sprayer, then covering the wheat with plastic film and removing it the next
morning. The process follows the Technical Specification for Evaluation of Wheat Pest
Resistance—Part I: Technical Specification for Evaluation of Wheat Resistance to Stripe
Rust (NY/T 1443.1-2007). In addition, pesticides were sprayed on healthy wheat areas to
prevent them from being infected with stripe rust, and the entire experimental area was
managed in the same way (using 200 kg/ha nitrogen and 450 m3/ha water).
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Figure 2. Study area. (a) Location of the study area; (b) Experimental plots.

2.2. Sample Selection

To facilitate sampling and measurement, eight 1 m2 sample squares were selected for
each group, and five canopy hyperspectral measurements and disease severity surveys
were conducted in each sample square on winter wheat at 7, 14, 21, 26, and 31 days after
stripe rust inoculation, respectively. The wheat canopy hyperspectral data obtained from
each measurement were used as a sample. A total of 158 samples were selected from the
2017 and 2018 winter wheat stripe rust inoculation experiments (Table 1, Figure 3). In the
meantime, we chose 7, 14, and 21 days after inoculation for disease detecting studies of
winter wheat stripe rust in the early and mid-term. The DI of all samples ranged from 0 to
30%. DI was determined as the proportion of a complete leaf covered by stripe rust spores
(The details are in Section 2.4).
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Table 1. Summary of field measurement activities for 2016–2017 and 2017–2018.

Year
State

Sum
Healthy Slight Moderate

2017 36 34 26 96
2018 26 23 13 62
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group wheat; (b) Infected group wheat.

2.3. Field Data Acquisition

The canopy hyperspectral data of winter wheat stripe rust were collected using the
ASD FieldSpec spectrometer (Analytical Spectral Devices, Inc., Boulder, CO, USA); it col-
lected the spectral reflectance of wheat in different periods after inoculation with stripe
rust fungus at a height of 1.6 m above ground. The spectrometer covered a spectral range
of 350–2500 nm and was fitted with a 25◦ field of view fore-optic. The spectral resolutions
in the ranges of 350–1000 nm and 1000–2500 nm were 3 nm and 10 nm, respectively [26].
Data were collected between 11:00 and 13:30 BST under windless, cloudless, and sunny
conditions, with the spectrometer probe placed vertically downward, maintaining a dis-
tance of 1.3 m from the wheat canopy. For each sample plot, irradiance was measured to
obtain the average spectral reflectance, and the spectra were corrected before and after each
measurement using a 40 cm × 40 cm BaSO4 standard reference plate [27]. All irradiance
measurements were recorded as an average of 20 individual measurements (minus dark
current) at an optimized integration time. The canopy spectral reflectance was converted by
Formula (1) to calculate the ratio of canopy irradiance to whiteboard irradiance as follows:

Rtarget =
DNtarget

DNre f erence
·Rre f erence (1)
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where Rtarget is the spectral reflectance of the sample wheat canopy, DNtarget is the DN gray
value of the sample wheat canopy spectrum, DNre f erence is the reflectance gray value of the
reference plate, and Rre f erence is the reflectance value of the reference plate.

2.4. Inoculation and assessment of DI

Stripe rust was inoculated by spore inoculation according to the National Crop Disease
Survey and Prediction Rules (GB/T 15795-2011) on 20 April 2017 and 18 April 2018, both
times coincided with the ‘erecting’ stage of plant development [10]. A total of 80 wheat
leaves were selected to calculate the DI of wheat stripe rust in each plot (Table 2). In this
study, diseased leaves were scanned using a LiDE Canon 300 scanner (Canon, Beijing,
China), and the DI values were obtained using MATLAB image processing software
(version 2016a, Mathworks, Inc., Natick, Massachusetts, USA). The wheat stripe rust DI
was expressed by a grading method, and the severity was divided into nine gradients: 0%,
1%, 5%, 10%, 20%, 40%, 60%, 80%, and 100% (percentage refers to the ratio of diseased
leaves to the total number of leaves) [1,4,26]. The DI was taken as the closest gradient
between the grades. Formula (2) for calculating the DI is expressed as follows:

DI = ∑ i· f
n·∑ f

× 100 (2)

where i is the severity gradient at all levels, n is the highest gradient of the disease, and
f is the number of leaves that correspond to each gradient. To distinguish the early and
mid-term incidence of winter wheat stripe rust, the detecting model was set to three
classifications, namely, healthy (I, DI = 0%), slight (II, 0% < DI ≤ 20%), and moderate (III,
20% < DI ≤ 30%) [28,29].

Table 2. Summary of field measurement activities for 2016–2017 and 2017–2018.

Activity 2016–2017 2017–2018

Planting date 15 October 2016 12 October 2017
Inoculation of Rust April 20 April 18
DI measurements 5–7 day intervals 5–7 day intervals

Spectral reflectance measurements Coincident with DI measurements Coincident with DI measurements

2.5. Vegetation Index Extraction

In existing studies, in addition to the spectral reflectance curves that could reflect crop
exposure to disease stress, vegetation indices, which were often used to identify crop pests
and diseases, could also reflect the infection process of wheat by stripe rust [7,11,30]. The
vegetation index was constructed in different forms using the spectral response character-
istics of pests and diseases for visible and near-infrared bands. In addition, it was often
used as a basic theoretical basis for remote sensing detection [31]. The vegetation index
calculated through the spectral sensitive band has detected the occurrence of crop diseases
and insect pests effectively according to several studies [30,32]. In this study, a total of
21 vegetation indices that were sensitive to the early and mid-term performance of winter
wheat stripe rust were calculated as the preliminary features of the model based on the early
and mid-term spectral response characteristics of winter wheat stripe rust, combined with
the application of different vegetation indices for wheat stripe rust detection and prediction
in previous studies [33]. The selected vegetation index names, calculation formulae, related
parameters, and references are shown in Table 3.
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Table 3. List of 21 selected spectral vegetation indices.

Vegetation Index Abbreviation Calculation Formula Related Parameters References

Normalized difference
vegetation index NDVI (R830 − R675)/(R830 + R675) Leaf area index [4]

Structural independent
pigment index SIPI (R800 − R445)/(R800–R680) Pigment content [34]

Photochemical
reflectance index PRI (R570 − R531)/(R570 + R531) Light radiation intensity;

photosynthetic efficiency [35]

Nitrogen reflectance
index NRI (R570 − R670)/(R570 + R670) Nitrogen status [36]

Plant senescence
reflectance index PSRI (R680 − R500)/R750

Pigment content; degree
of leaf senescence [37]

Triangular vegetation
index TVI 0.5 × (120 × (R750 − R550) – 200 ×

(R670 − R550)) Vegetation status [38]

Yellow rust index YRI (R730 − R419)/(R730 + R419) + 0.5 ×
R736

Wheat Diseases [30]

Modified chlorophyll
absorption ratio index MCARI ((R701 − R671) − 0.2 × (R701 −

R549))/(R701/R671) Chlorophyll absorption [39]

Modified simple ratio
index MSR (R800/R670 − 1)/sqrt(R800/R670 +1) Leaf area index [40]

Physiological
reflectance index PhRI (R550 − R531)/(R550 + R531) The light utilization rate [41]

Normalized pigment
chlorophyll ratio index NPCI (R680 − R430)/(R680 + R430) Chlorophyll ratio [42]

Anthocyanin
reflectance index ARI (R550)−1 − (R700)−1 Anthocyanin content [43]

Red-edge vegetation
stress index RVSI (R712 + R752)/2 − R732

Internal structural
parameters of leaf cells [44]

Water index WI R900/R970 Water content [45]

Leaf rust disease
severity index DSI 6.9 × (R605 − R455) − 1.2 Crop Diseases [46]

Simple ratio at red edge SRRed−edge R750/R710 Chlorophyll content [47]

Chlorophyll index at
red edge CIRed−edge (R750 − R700)/R700 Chlorophyll content [48]

Normalized difference
at 705 nm ND705 (R750 − R705)/(R750 + R705) Chlorophyll content [49]

Modified simple ratio
at 705 nm mSR705 (R750 − R445)/(R705–R445) Chlorophyll content [49]

Modified Normalized
difference at 705 nm mND705 (R750 − R705)/(R750 + R705 – 2 × R445) Chlorophyll content [49]

Greenness Index GI R554/R667 Pigment content [46]

2.6. Optimal Feature Selection

Due to the presence of more redundant information among the primed features, this
paper opted for correlation analysis (CA) combined with the RF algorithm (CA-RF) for
modeling feature selection. The RF algorithm is an integrated machine learning approach
with a decision tree-based classifier that contains the bootstrap aggregating algorithm and
feature subspace concept [50]. It can also evaluate the importance of feature variables
based on the cross information between vegetation index features and the DI of stripe
rust. The importance of feature variables was evaluated and ranked by feature importance
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scores [51]. Due to the coincidence of random sample sampling during the operation of
the algorithm, the RF algorithm was iterated 500 times to calculate the average value of
the characteristic importance score and combined with the model AUC value to select the
character set that best responded to the early and mid-term of winter wheat stripe rust [52].
The AUC value of a model, which is the area under the receiver operating characteristic
(ROC) curve, is often widely used to test the discriminative ability of a classification model,
reflecting the validity and truthfulness of the model [53].

2.7. Detecting Model Construction and Evaluation

This study selected the XGBoost algorithm to construct an early and mid-term severity
detecting model for winter wheat stripe rust, which is a scalable machine learning system
based on regression tree boosting and adopts a greedy algorithm for feature variables step
by step in the operation process with strong robustness to multiple feature covariances. In
the meantime, the XGBoost algorithm is a strong classifier formed by combining multiple
weak classifiers using Taylor second-order expansion to optimize the objective function
and to prevent model overfitting. A regularization term was also introduced to control the
model [22,54,55]. Compared with other algorithms, the XGBoost algorithm has advantages,
such as high efficiency and accuracy in terms of classification.

To make the detecting model capabilities widely applicable, the early and mid-term
winter wheat stripe rust samples from 2017 were used as training samples (96), and the
samples from 2018 were used as the test samples for the model (62) in this study. The
XGBoost model was tuned during model training using tenfold cross-validation and
learning curve methods to determine the best parameter configuration for the model to
improve the detection accuracy of the model.

To further compare and analyze the model performance, this study constructed eight
detecting models by using the CA and CA-RF algorithms for the feature selection of the
primary vegetation index features and by combining the algorithms that are commonly
used for remote sensing detecting of stripe rust, namely the CA-RF model, the CA-SVM
model, the CA-BPNN model, the CA-XGBoost model, the CA-RF-RF model, the CA RF-
SVM model, the CA-RF-BPNN model, and the CA-RF-XGBoost model. The performance of
the models was evaluated and analyzed by calculating the overall detection accuracy and
the classification accuracy and Kappa coefficient of each model. The Kappa coefficient is a
key indicator of the classification accuracy of the model based on the confusion matrix [56].

3. Results and Discussion
3.1. Canopy Spectral Reflectance of Wheat Stripe Rust Disease

The spectral response characteristics of the wheat canopy to fungi stress were very
significant for identifying stripe rust infection levels in precise disease detection using
hyperspectral remote-sensing data. As shown in Figure 4a, the average canopy spectral re-
flectance was significantly different between healthy winter wheat and slight and moderate
stripe-rust-infected winter wheat. The spectral profile of healthy winter wheat had “green
peaks” and “red valleys” in the visible (VIS) region and high reflectance in the near infrared
(NIR) region, which was consistent with the typical reflectance of green vegetation [57].
When compared with the spectrum of healthy samples, winter wheat infected with stripe
rust had different spectral characteristics in the VIS and NIR spectral regions due to changes
in pigment content, moisture, and canopy architecture [8,26,58]. For example, compared
with healthy samples, the red valley of samples infected with stripe rust increased on the
spectral curve, while the reflectance decreased in the NIR region. The increase and decrease
in reflectance in the red and NIR regions were proportional to the severity of stripe rust
infection approximately.

The ratio curve of spectral reflectance is shown in Figure 4b, dividing the reflectance
of stripe-rust-infected wheat by healthy wheat. As the severity of winter wheat stripe rust
disease deepened, the spectral reflectance curve of wheat canopy under the stress of stripe
rust disease changed more. There were two significant differences between the spectral curve
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of healthy and stripe-rust-infected samples at: 560–730 nm and 800–1100 nm, and the most
noticeable difference was situated at the spectral region of 630–680 nm. These differences
possessed similar results to previous studies on the detection of stripe rust [8,10,29]. The
above changes in spectral characteristics provide a strong theoretical basis for detecting and
discriminating winter wheat stripe rust using canopy hyperspectral data.
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3.2. Optimal Feature Selection and Analysis

Based on the significant role of vegetation indices in detecting the occurrence of plant
diseases in existing studies, the coefficient of determination r2 (square of the correlation
coefficient) obtained from the CA of vegetation indices and DI associated with wheat stripe
rust was calculated, as shown in Figure 5. An independent sample t-test was used to obtain
confidence values (p) for the healthy and infected samples in 21 vegetation indices. The
p that corresponds to each feature in the figure of the selected vegetation indices showed
excellent potential for early and mid-term detection of winter wheat stripe rust (p < 0.001),
except for RVSI, WI, MCARI, and YRI (p < 0.01). The data from Figure 5 show that the
PRI had the highest coefficient of determination (r2 > 0.80) value, which represented the
highest correlation between the PRI and the occurrence of early and mid-term winter wheat
stripe rust. Huang et al. [10] also found that PRI can characterize the occurrence of wheat
stripe rust well and completed the quantitative inversion of this disease by PRI in their
study. Based on the confidence values of vegetation indices and DI, 17 vegetation indices,
including NDVI, SIPI, NRI, PSRI, MSR, PRI, PhRI, NPCI, and ARI, were found to reflect
the disease incidence of early and mid-term winter wheat stripe rust (p < 0.001) better,
and these vegetation indices were used as the initial selection characteristic variables for
subsequent research work.

To obtain the set of features with less redundant information content, the experiment
used the RF algorithm to calculate the error value of out of bag data in the dataset to
achieve the importance ranking of the initial feature variables, and the higher the feature
importance score was, the more important the feature was [50,51]. The ranking results
in Figure 6 revealed that the ability of different vegetation indices to characterize early
and mid-term winter wheat stripe rust varied, with PRI having the highest importance
score among the 17 vegetation indices, mainly due to the mechanism of crop exposure
to disease stress [8,26,59]. Considering that too much or too little selection of the final
feature set can affect the accuracy and stability of the model, we selected different values
according to the results of the feature importance ranking for testing to find the appropriate
number of features (k) and determined the final selected values by comparing the effects of
different values on the model area under curve (AUC) values. The data results in Figure 7
show that the model AUC value was the largest when the number of features was 10,
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and the higher the AUC value is, the better the stability of the model and the reliability
of the classification results will be [52,60]. In addition, we performed a variance inflation
factor (VIF) test on the characteristic variables, and this result indicated that no strong
multicollinearity was observed between the characteristic variables (Figure 8, VIF < 10) [61].
After the above analysis, a total of 10 vegetation indices, namely, PRI, PSRI, MSR, NDVI,
ARI, SIPI, mND705, SRred−edge, CIred−edge, and GI, were selected as the final input features
of the model to complete early and mid-term winter wheat stripe rust detection.
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The physicochemical parameters of the leaf cell internal structure, chlorophyll, antho-
cyanin, and moisture are all changed after the wheat is infested by stripe rust [4,8,9,26].
The SIPI, PRI, and PSRI were all changed with factors, such as pigment content and photo-
synthetic rate in green vegetation [8,12]. In addition, the ARI, NDVI, and other vegetation
indices are in the sensitive spectral range for winter wheat stripe rust and are more sensi-
tive to the occurrence of winter wheat stripe rust than other vegetation indices [4,30]. The
vegetation index PRI, which consists of a combination of 531 nm and 570 nm bands, can be
used to reflect the photosynthetic efficiency changes. Huang et al. [10] also found that PRI
has good potential for the quantitative detection of wheat stripe rust through their study,
and Wang et al. [13] extracted NDVI by canopy spectral response characteristics, the MSR
index, and other vegetation indices that represent vegetation greenness to complete the
estimation of the severity of winter wheat stripe rust. Zheng et al. [26] found that PRI and
ARI possess unique advantages in detecting against early-mid and mid-late winter wheat
stripe rusts, respectively. Meanwhile, Huang et al. [10] and Devada et al. [11] made similar
findings for PRI and ARI in the study of wheat stripe rust.

3.3. Model Analysis and Validation

The detection results of each model are shown in Table 4, which lists the accuracy of
each classification, the overall detecting accuracy, and the kappa coefficients of the feature
selection methods CA and CA-RF combined with the four wheat stripe rust detecting
methods. The comparison of the data in Table 4 shows that the detection accuracy of the
model constructed by the CA-RF feature selection algorithm improved by 9.7%, 8.1%, 8.1%,
and 16.1% compared with that constructed by the CA algorithm. The detection accuracy
and Kappa coefficient of the CA-RF-XGBoost model reached 87.1% and 0.798, respectively,
which were the highest among all models. Comparing the models constructed by the CA-
RF feature selection algorithm combined with RF, SVM, BPNN, and XGBoost, the detecting
accuracy of the CA-RF-XGBoost model was 4.8%, 11.3%, and 16.1% higher than CA-RF-RF,
CA-RF-SVM, and CA-RF-BPNN, respectively; and the kappa coefficients were 0.070, 0.166,
and 0.237, respectively. Zheng et al. [26]. completed a study on the detection of wheat stripe
rust in the early and mid-term using PRI and ARI based on wheat canopy hyperspectral
data, and the detection accuracy reached 84.1%. As with previous studies, the study for
the early and mid-term of wheat stripe rust has the following two shortcomings: (1) it can
only achieve the identification of healthy and diseased samples, and cannot differentiate
between disease severity, making it difficult to accurately guiding the management of
agriculture; (2) the sample data selected were all from the same period, without considering
the changes of meteorological and soil environment factors in different periods, making
it difficult to meet the crop disease research work in practical situations [4,8,9,26]. In the
process of this research, the CA-RF algorithm combined with the XGBoost method was
used to avoid the shortcomings of previous studies on the early and mid-term detection of
wheat stripe rust, which is of great significance for the study of complex and variable crop
diseases in realistic situations.

For healthy samples, most models had high classification accuracy. Among them,
the model constructed by RF and XGBoost algorithm had the best classification effect on
healthy samples, with the highest classification accuracy reaching 92.3%, which may be
due to the severity of DI = 0% for healthy samples, and it was easy to distinguish from
diseased samples. For slight and moderate samples, the classification effect of the model
constructed by the CA algorithm for slight samples was poor, and some of the slight and
moderate samples were misidentified maybe due to the close severity of the disease in the
two types of samples, thereby leading to disorder in the model detecting results. Similar
results occurred during the study of Jiang et al. due to the severity of the disease [1]. In
the meantime, the classification accuracy of the CA-RF-XGBoost model reached 82.6% and
84.6% for slight and moderate samples, respectively. This finding is of great significance in
guiding the precise use of pesticides for winter wheat stripe rust and in reducing pesticide
pollution.
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Table 4. Analysis and verification results of different detection models.

Model
Construction

Methods

Actual
Samples

Accuracy Indices

Healthy Slight Severe Sum Classification
Accuracy/%

Overall
Accuracy/%

Kappa
Coefficient

CA-RF

Healthy 24 1 1 26 92.3

72.6 0.587
Slight 6 8 9 23 34.7

Moderate 0 0 13 13 100
Sum 30 9 23 62

CA-RF-RF

Healthy 24 1 1 26 92.3

82.3 0.728
Slight 2 16 5 23 69.6

Moderate 0 2 11 13 84.6
Sum 26 19 17 62

CA-SVM

Healthy 23 3 0 26 88.4

67.7 0.503
Slight 4 11 8 23 47.8

Moderate 0 5 8 13 61.5
Sum 27 19 16 62

CA-RF-SVM

Healthy 22 4 0 26 84.6

75.8 0.632
Slight 5 12 6 23 52.2

Moderate 0 0 13 13 100
Sum 27 16 19 62

CA-BPNN

Healthy 23 3 0 26 88.4

62.9 0.449
Slight 7 3 13 23 14.1

Moderate 0 0 13 0 100
Sum 30 6 26 62

CA-RF-BPNN

Healthy 22 4 0 26 84.6

71.0 0.561
Slight 6 9 8 23 39.1

Moderate 0 0 13 13 100
Sum 28 13 21 62

CA-XGBoost

Healthy 24 1 1 26 92.3

71.0 0.551
Slight 5 9 9 23 39.1

Moderate 2 0 11 13 84.6
Sum 31 10 21 62

CA-RF-
XGBoost

Healthy 24 2 0 26 92.3

87.1 0.798
Slight 1 19 3 23 82.6

Moderate 0 2 11 13 84.6
Sum 25 23 14 62

The above analysis can conclude that the CA-RF feature selection algorithm can
obtain sensitive feature variables of wheat disease occurrence more effectively, and the
classification accuracy of the model constructed using this algorithm was higher with a
smaller error. Hao et al. [19] similarly assessed the feature importance of multispectral
and vegetation index features by RF feature selection algorithm to improve the feasibility
and classification accuracy of early crop mapping. At the same time, the CA-RF-XGBoost
model had excellent discriminative ability for each class of samples, and the accuracy of
each classification reached more than 82% [22,55]. In addition, the AUC value of the model
reached more than 0.94, which means the model had relatively high realism and stability.
Alberto [53] used the AUC value of the model as the discriminant criterion of the species
distribution model in his study similarly, which can provide a reliable theoretical basis for
the prediction results of the model.

4. Conclusions

In this study, the CA-RF-XGBoost model based on canopy hyperspectral data was
applied to detect the severity of winter wheat stripe rust in the early and mid-term. The
model was combined with the XGBoost algorithm to construct a detection model through
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the feature selection of vegetation indices by the CA-RF feature selection algorithm. The
following conclusions were obtained:

(1) The accuracy and performance of the model constructed by the CA-RF feature se-
lection algorithm were better than those constructed by the single CA algorithm,
indicating that the combination of CA and RF algorithms could be better for selecting
the disease detecting features.

(2) By selecting CA-RF as the feature selection algorithm, the detection accuracy of
XGBoost algorithm and Kappa coefficient of winter wheat stripe rust in the early and
mid-term reached 87.7% and 0.798, respectively, which were higher than those of
RF, SVM, and BPNN for detecting wheat stripe rust. This finding indicates that the
combination of the CA-RF algorithm and XGBoost model could improve the early
and mid-term detection accuracy of winter wheat stripe rust effectively and provide
methodological and technical references for early disease prevention and control.

In addition, the canopy hyperspectral data of winter wheat stripe rust in Langfang,
Hebei in 2017 and 2018 were selected for mutual validation in this study, thereby further
demonstrating the effectiveness and generalizability of the CA-RF-XGBoost model for early
and mid-term detection of winter wheat stripe rust. However, this method model has
only achieved early and mid-term detection of winter wheat stripe rust under plot control
experimental conditions. Accomplishing the early detection of wheat stripe rust at field
scale under natural conditions will be the focus of further research. Meanwhile, we will
select wheat stripe rust samples under natural conditions to validate the method of this
study for crop disease detection under realistic conditions.
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