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GRAPHICAL ABSTRACT

Unmanned aerial vehicle hierarchical detection of leaf blast in rice crops based on a
specific spectral vegetation index
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analysis of different
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- Spearman correlation
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- Box plot

- K-nearest neighbor
- Random forests

ABSTRACT

Leaf blast is a significant global problem, severely affecting rice quality and
yield, making swift, non-invasive detection crucial for effective field
management. This study used hyperspectral remote sensing technology via an
unmanned aerial vehicle to gather spectral data from rice crops. ANOVA and
the Relief-F algorithm were used to identify spectral bands sensitive to the
disease and developed a new vegetation index, the rice blast index (RBI). This
RBI was compared with 30 established vegetation indexes, using correlation
analysis and visual comparison to further shortlist six superior indexes,
including RBI. These were evaluated using the K-nearest neighbor (KNN) and
random forests (RF) classification models. RBI
detection accuracy for leaf blast in both the KNN model (95.0% overall
accuracy and 93.8% kappa coefficient) and the RF model (95.1% overall
accuracy and 92.5% kappa coefficient). This study highlights the significant
potential of RBI as an effective tool for precise leaf blast detection, offering a
powerful new mechanism and theoretical basis for enhanced disease
management in rice cultivation.

demonstrated superior
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1 Introduction

Rice accounts for a third of the global cereal production!'! and

provides the primary food source for two-thirds of the global
population[’]. Particularly in China, where the rice cultivation

area accounts for a fifth of the global cultivation area, it is
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consumed as a staple food by over 65% of the population.
Therefore, a high yield of rice is critical for food security and
human health. However, leaf blast disease, a type of rice blast
disease, that has become prevalent in over 85 countries
worldwidel’], poses a significant threat to global rice
production, causing severe yield losses each year. Statistical
data indicates that leaf blast disease causes yield losses as high
as 10%-30% each year, and in severe cases, no grain can be
harvested[']. Given these circumstances, the efficient and
accurate detection of rice leaf blast disease becomes of
paramount importance.

Established methods for detecting rice blast disease require
experienced and knowledgeable professionals to sample rice
crops and estimate the disease status of rice plants, resulting in
significant labor costs. In contrast, polymerase chain reaction
(PCR) is a commonly used biochemical detection method that
can also be applied to detect rice blast disease. While PCR
offers rapid and accurate detection, its complexity, destructive
nature and time-consuming process make it unsuitable for
meeting the efficient and non-destructive detection
requirements of modern agriculture. Faced with the limitations
of established rice blast disease detection methods and PCR
technology, scientists have turned to more efficient
hyperspectral imaging techniques. Hyperspectral technology
has shown potential for application in various fields such as
crop growth parametersi’], crop classification!®], biomass
quantitative analysis!’], and crop disease detection!®], providing
detailed information on crop conditions using a wide range of
electromagnetic spectral’l. Gao et al.l'’l used hyperspectral
imaging systems to collect data on grapevine leafroll-associated
virus-infected ~grapevine leaves, and through spectral
normalization and Monte Carlo method, preprocessing and
removing outliers. Subsequently, they used the minimum noise
fraction and selection operator to locate sensitive bands, tested
wavelength sensitivity through variance analysis and linear
regression, and finally validated wavelength effectiveness using
a least squares support vector machine, confirming the
potential application of hyperspectral image in non-destructive
detection. Li et al.l''l studied the hyperspectral reflectance of
pine needles infected with pine wilt disease. They combined
competitive adaptive reweighted sampling with the continuous
projection algorithm to select sensitive bands and classified
samples at different infection stages using linear discriminant
analysis. Zhao et al.l'’] used hyperspectral imaging technology
to collect spectral data of tea leaves subjected to tea green
leathopper, anthracnose and sunburn stress. They performed
feature extraction using continuous wavelet analysis and
stress  identification and

constructed three tea tree

discrimination models using the random forests algorithm.
Although the aforementioned studies demonstrated the
technical potential through hyperspectral data collection on
leaves in well-controlled laboratory environments, their
complex operations and slow detection make them unsuitable
for the efficient detection demands of modern precision
agriculture. Randive et al.['*] successfully distinguished healthy
and diseased cotton leaves using ASD FieldSpec 4 spectral
radiometers, demonstrating the application of hyperspectral
technology in disease diagnosis. Shukla et al.l'’l proposed a
new method to improve the efficiency of detecting Alternaria
blight in mustard using hyperspectral data in the range of
350-2500 nm, revealing spectral differences at different disease
levels through correlation and continuum removal analysis.
Zhang et al.l'’] classified naturally infected cotton leaves with
Fusarium wilt using hyperspectral technology combined with
various preprocessing techniques and algorithms, including
multiplicative scatter correction, continuous wavelet analysis,
the combination of support vector machine and genetic
algorithm, grid search, particle swarm optimization, and gray
wolf optimizer, to build accurate cotton Fusarium wilt grading
models. The aforementioned studies were conducted in the
field, with data directly collected from the canopy at close
range. While accurate, this method is inefficient and not
suitable for large-scale disease monitoring. Remote sensing
technologyl' ! enables the efficient acquisition of extensive data
through non-destructive, non-contact means, providing
detailed information on soil and crop conditions!'’]. Ma
et al.l'®l used drones with hyperspectral cameras to detect
wheat scab by analyzing spectral and texture features and
optimizing neural networks with simulated annealing. In the
experiment, the backpropagation neural network (BPNN) was
improved through the integration of simulated annealing
algorithms, and the improved BPNN was used to establish a
wheat scab detection model. Moriya et al.['”] demonstrated that
hyperspectral imaging outperforms multispectral in identifying
citrus gummosis. Zheng et al.l’’! found wavelet features
effective in early detection of wheat yellow rust via support
vector machines Although drone-based data collection is
efficient and preserves the crop, its accuracy can be
compromised by environmental factors. Vegetation indices,
calculated from specific spectral bands, have shown to
effectively minimize background interference in remote
sensing for reliable disease monitoring. Although efficient and
non-destructive, unmanned aerial vehicle data collection may
be affected by weather and environmental interference,
whereas vegetation indices, by computing specific spectral
bands, reduce background interference in remote sensing
analysis due to their stability and anti-interference properties,
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proving effective in disease monitoringl’'l. Liu et al.l’’]
developed specific spectral indices using unmanned aerial
vehicle hyperspectral sensors to detect rice leaf rollers.
Ashourloo et al. [*’] developed adaptive vegetation indices for
detecting fire blight in pear orchards. In previous studies,
established vegetation indices were also used to detect crop pest
and disease conditions, but their accuracy and stability were
lower. This may be because established vegetation indices have
mainly focused on the overall health status of vegetation rather
than the spectral response of specific diseases. For example,
studies such as Gao et al.['’l demonstrated the potential of
hyperspectral image for non-destructive disease detection but
highlighted the lower performance of established indices due to
background interference and changes in light conditions.
Similarly, Randive et al.l'’l showed that while established
vegetation indices could distinguish healthy from diseased
plants, their effectiveness varied significantly with different
crop growth stages, leading to lower detection accuracy and
stability. These studies indicate that customized vegetation
indices can accurately reflect the spectral response of specific
plant diseases, outperforming general indices, highlighting the
importance of applying personalized hyperspectral indices in
plant disease monitoring. In agricultural production, accurate
and timely identification of crop diseases is crucial for ensuring
food security and increasing crop yield. Established methods of
disease identification, while effective under certain conditions,
are often limited by factors such as high labor intensity, time
consumption and potential damage to crops. In contrast,
disease identification techniques using specific spectral indices,
based on hyperspectral remote sensing technology, provide an
efficient and non-invasive approach for early detection of crop
diseases. This method not only allows for rapid identification
of disease-affected vegetation without direct contact with the
crops but also enables precise monitoring of diseases by
subtle
Additionally, the application of specific spectral indices

analyzing changes in crop reflectance spectra.
significantly expands the scope and efficiency of disease
monitoring, making disease management in large-scale

farmlands feasible[**].

Consequently, the analysis of various existing research and
methods in this study highlights the importance of establishing
a vegetation index for the detection of rice leaf blast. This will
facilitate large-scale, extensive, and more stable detection of the
severity of rice leaf blast, meeting the needs of precision
agriculture. Following key steps such as spectral preprocessing,
data analysis, visual comparison and model verification, this
study aims to establish a vegetation index for detecting rice leaf
blast.

2 Materials and methods

2.1 Study area overview and experimental design

The study area was in Gengzhuang Town, Haicheng City,
Anshan, Liaoning Province (40°58'58" N, 122°39'18"" E), in the
northwest of Haicheng City ( ). This region has a
temperate continental monsoon climate, characterized by
distinct seasons, concentrated precipitation, abundant
sunshine and large temperature differences. The average
annual precipitation is 652 mm and the annual average
temperature is 8.4 °C. The soil is fertile and suitable for rice

cultivation.

The experimental field had a planting area of 0.39 ha. The rice
variety used for the study is Yanfeng 47, planted on 21 May
2022 with row spacing of 30 cm and plant spacing of 35 cm.
The rice leaf blast fungus occurred naturally, with initial
symptoms not being evident. From mid-July to early-August
2022, rice leaf blast of varying severity levels appeared.
Therefore, experiments were conducted on 20 and 27 July, and
1 August on healthy rice plants and those with varying degrees
of severity.

The experiment used a randomized complete block design to
ensure the accuracy and representativeness of the research
results. Prior to the experiment, we invited plant protection
experts to conduct a preliminary assessment of the
experimental fields. Based on the historical occurrence of rice
blast disease and preliminary on-site survey results, the fields
were divided into test blocks with different infection levels.
Each block represented a certain degree of disease infection,
ranging from no infection (level 0) to severe infection (level 4),
with each level defined based on the disease index (DI), which
comprehensively considers the proportion of leaf area covered
by lesions and the severity of the disease. Additionally, detailed
spectral data collection was conducted for each infection level
of the rice crops using a drone-mounted hyperspectral sensor.

Fig. 1 Location and overview of the experimental site.
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Also, to further validate the relationship between spectral data
and actual disease infection levels, plant protection experts
conducted on-site assessments and confirmed the disease
grades of the plots on the first day of data collection ( )
with different colored markers represent different disease
severity levels. Green areas indicate healthy plants, yellow,
orange and red areas indicate mild, moderate-light and
moderate disease severity, respectively, and dark red areas
indicate severe disease. For example, we collected severe rice
leaf blast disease data within the dark red areas. Within each
marked area, the severity of rice blast disease was determined
through on-site investigation and assessment by experienced
rice disease experts and detailed records were made for each
marked area.

2.2 Data collection

2.2.1 Grading of disease severity

The severity of leaf blast disease was quantified according to
the national standard “Rice Blast Disease Survey and Report
Standard (GB/T 15790-2009)” and the disease level was divided
into five levels from 0 to 4 ( ) based on the disease index
(in the experiment, no DI > 50 was found, so the highest level

is4).

Fig. 2 Hyperspectral image.

Table 1 Classification of leaf blast disease levels in the field

Disease level Severity of the disease Disease index (DI)
0 Healthy DI=0

1 Mild 0<DI=1

2 Moderate-light 1<DI<5

3 Moderate 5<DI=< 10

4 Severe 10< DI < 50

The disease level was determined by the disease index
calculated as:
P, xD,
DI = —Z' XD
PXDm

where, P is the total number of plants, D,, is the representative

%100 (1)

value of the highest level, P; is the value of each level, and D; is
the number of plants at each level.

2.2.2 Data collection and preprocessing

This study used a DJI Matrice 600 hexacopter drone equipped
with a GaiaSky-mini hyperspectral imager to collect data. The
spectral range of this setup is 400-1000 nm with a resolution of
3.5 nm encompassing 176 effective spectral bands. Specific
equipment information is provided in . Data collection
was conducted on clear, windless and cloudless days, between
11:00 and 14:00 during stable light intensity periods with the

drone hovering at an altitude of 100 m.

To ensure the accuracy and consistency of the data, the
collected hyperspectral images were preprocessed using
Hyperscan Pro software, which included the following steps:

(1) Radiometric correction: standardize the intensity of the
spectral data,

Table 2 Main parameters of hyperspectral systems

Device name Gaiasky-mini-VN

Spectral range 400-1000 nm
Spectral resolution 3.5nm
Spectral sampling rate 0.7 nm
Full-frame pixels 1932 x 1040
Pixel pitch 6.45 pm
Power USB 2.0
Capture mode 45W
Lens 23 mm
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(2) Reflectance correction: account for varying surface
reflectivity, and

(3) Area correction: adjust for specific regions of interest.

To achieve finer spectral data, the spectral resolution was
interpolated to 1 nm. Hyperspectral data were then extracted
using ENVI 5.3 software. A total of 250 regions of interest
(ROIs) were established on plants marked with different
disease levels. Each ROI was a regular rectangle of 3 x 3 pixels,
with each disease level having 50 ROIs. The average spectral
reflectance within each ROI was taken as the spectral
reflectance for that disease level. The data set included spectral
reflectance values in the range of 400-1000 nm, capturing the
critical impact of the disease on the spectral properties of the
plants. The data set was divided into training and testing sets
with 200 samples used for training and 50 samples used for
testing.

2.3 Feature selection methods and construction of
vegetation indices

2.3.1 Feature selection method

The Relief-F algorithm, initially proposed by Kira and Rendell
in 1992[°], is a classic feature selection algorithm used for
selecting important features from a given feature set. It has a
certain robustness against noise and redundant features. The
Relief-F algorithm was used to select sensitive bands, with the
weight serving as the standard for band selection. The Relief-F
algorithm is instance-based reasoning that evaluates the
importance of each feature by comparing instances within a
data set. The core idea of the algorithm is to determine the
weight of features based on their contribution to the
classification of instances. Specifically, the Relief-F algorithm
estimates the importance of features by calculating the
difference in features between each instance and its nearest
neighbors. This difference value is used to update the weight of
the feature, which is then sorted by weight to select the most
important features.

The steps of the algorithm are as follows:

(1) Initialization: assign a weight W [F] = 0 to each feature F.
(2) For each instance x, iterate:

Find K-nearest neighbors (KNN) H from the same class.

Find KNN M from different classes.

(3) Update the weight of each feature:

_ Znen@iff (F, x, 1) 3%,ep diff(F, x,m)
WI[F] = W[F] <h + X 2

where, n is the total number of samples, and diff(Fx,y)

calculates the difference in feature F between samples x and y.

(4) Feature selection: based on the final calculated feature
WI[F], select the highest-weighted features for
subsequent analysis.

weights

2.3.2 Vegetation index construction

The vegetation index (VI) is an important indicator used to
describe the state of vegetation growth. It can highlight
vegetation information, extract features such as the growth
state and coverage of vegetation, and is more suitable for
Additionally, the
construction of the vegetation index considers the relationships

vegetation monitoring and analysis.
between different bands, which can resist the interference of
factors such as light and atmosphere on vegetation monitoring,
thereby improving the accuracy and reliability of monitoring.
The newly constructed vegetation index for rice leaf blight used
in this study, designated as the rice blast index (RBI), was
calculated as!*°l.

Ry —Rps
RBI=aXxR, +bx —= 3
“ & Rp+Rys ®

where, A1is the band with the highest weight, and A2 and A3 are
the bands with the highest weight in the normalized structure.
The coefficients a and b are obtained by fitting the training set
data with a linear discriminant analysis function.

Infection of rice with leaf blastl’’] will cause changes in the
spectral reflectance of bands such as the visible light band and
the near-infrared band. These changes can enhance the
differences between the spectra of rice canopies at different
disease severities by combining these bands, thereby achieving
the detection and diagnosis of rice leaf blast!”’]. For this study,
31 established VIs (including RBI) were selected to detect the
severity of rice leaf blight and compared with the classification
effect of RBI ( ).

2.4 Classification algorithm

2.4.1 K-nearest neighbor (KNN)

The KNN algorithm is a supervised learning technique,
considered one of the easiest to use in machine learning. It is
characterized by simple operation and high classification
accuracy. The KNN algorithm can be used for both
classification and regression. The core concept of the KNN
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Table 3 Established vegetation indices used in the study

Vegetation index

Definition

Normalized difference vegetation index (NDVT)
Triangular vegetation index (TVI)

Photochemical reflectance index (PRI)

Modified chlorophyll absorption reflectance index (MCARI)
Normalized difference 750/710 red edge NDVI (RENDVI)
Structural independent pigment index (SIPI)

Plant senescence reflectance index (PSRI)

Normalized pigment chlorophyll ratio index (NPCI)
Optimized soil adjusted vegetation index (OSAVI)

Aphid index (AI)

Healthy index (HI)

Ration triangular vegetation index (RTVI)

Renormalized difference vegetation index (RDVI)

Normalized difference 570/531 photochemical reflectance index 570/531
(PRI570/531)

Simple ratio 740/720

Leaf chlorophyll index (LCI)

Green leaf index (GLI)

Anthocyanin reflectance index (ARI)
Blue-wide dynamic range vegetation index (BWDRVI)
Browning reflectance index (BRI)
Chlorophyll index green (CIG)
Difference 800/550 (D800/550)
Difference 800/680 (D800/680)
Double difference index (DDI)
Double peak index (DPI)
Green-blue NDVI (GBNDVT)
Green-red NDVI (GRNDVT)
Maccioni (Mac)

Modified triangular vegetation index 1 (MTVI1)

(R800 - R670) / (R800 + R670)
0.5 x [120 x (R750 - R550) - 200 x (R670 - R550)]
(R570 - R531) / (R570 + R531)
[(R700 - R670) - 0.2 x (R700 - R550)] x R700 / R670
(R750 - R710) / (R750 + R710)
(R800 — R445) / (R800 + R680)
(R678 - R500) / R750

(R680 - R430) / (R680 + R430)

1.16 x (R800 — R670) / (R800 + R670 + 0.16)
(R740 - R887) / (R691 + R698)

(R534 - R698) / (R534 + R698) - 0.5 x R704

[55 x (R750 - R570) — 90 x (R680 - R570)] / [90 x (R750 + R570)]

(R800 - R670) / (R800 + R670)

(R570 - R531) / (R570 + R531)

R740 / R720

(R850 - R710) / (R850 + R680)

(2 x R500 - R700 - R450) / (2 x R500 + R700 + R450)
1/R550 - 1/R700
(0.1 x R780 - R450) / (0.1 x R780 + R450)
(1/R550 - 1/R700) / R780
R780 / R550 - 1

R800 - R550
R800 - R680

(R749 - R720) - (R701 - R672)

(R688 + R710) / (R697)?

[R780 - (R550 + R450)] / [R780 + (R550 + R450)]
[R780 - (R550 + R653)] / [R780 + (R550 + R653)]
(R780 - R710) / (R780 - R680)

1.2 x [1.2 x (R800 - R550) / 2.5 X (R670 - R550)]

algorithm is based on the proximity hypothesis. This
hypothesis posits that categories similar to the sample tend to
be in similar categories. The KNN algorithm measures the
similarity between samples using the distance between sample
data and classifies samples based on similarity. For a given data
set, the KNN algorithm can predict the relationship between
unseen data and existing data, and classify new data into the
main category that best matches it.

2.4.2 Random forests (RF)

RF is an ensemble learning algorithm that was improved by

Breiman based on the bagging method. It performs
classification and regression tasks by constructing multiple
decision trees. RF has the advantages of handling high-
dimensional data, parallel computing, strong noise resistance,
and generalization ability, and has been widely applied in the
field of remote sensing. RF constructs decision trees by
randomly selecting feature subsets, focusing on local features
data.

Additionally, RF uses a parallel construction of decision trees,

and addressing the issues of high-dimensional
significantly enhancing data processing speed. For samples to
be classified, RF determines the final classification result

through a voting mechanism of multiple decision trees.
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2.5 Evaluation metrics

To assess the accuracy of the vegetation index in distinguishing
different disease severity levels, overall accuracy (OA) and
Cohen’s kappa coefficient were used as evaluation metrics. OA
and the kappa coefficient can be obtained based on the
confusion matrix. The confusion matrix is shown in s
and the specific formulas for OA and the kappa coefficient are

shown in Egs. (4) and (5).
TP+TN
OA = P T IN+FP+EN @)

where, TP (true positive) is the number of instances classified

as positive that are positive, TN (true negative) is the number
of instances classified as negative that are negative, FP (false
positive) is the number of instances classified as positive but
are negative, and FN (false negative) is the number of instances
classified as negative but are positive.

Bl )
1-pe

where, p, is the sum of the number of correctly classified

Kappa =

samples in each category divided by the total number of
samples, which is also known as OA. p. represents the expected
accuracy of a classifier or evaluator under random conditions,
where each category is classified according to its probability.
n (TP, +FN,) + (TP, + FP,)
Pe = Zi:] n2

(6)

where, 1 is the total number of samples.

3 Results

3.1 Average spectral reflectance of different
disease severity levels

The average spectral reflectance of different disease severity
levels can provide a general trend of these levels. In this study,
the spectral data were processed to obtain the hyperspectral
reflectance of rice in the 400-1000 nm range for different
disease severity levels ( ). These observations revealed that
the average spectral reflectance of different disease severity
levels follows a similar trend. In the 400-550 nm range, the
spectral reflectance of each level shows a gradual increase,

forming a local peak at 550 nm. Following that, the spectral

Table 4 Confusion matrix

Positive Negative
Positive True positive False positive
Negative False positive True negative

| — Level 0

i) = Level 1
— Leve

041 — Tevel 4

Reflectance
o
w

e
¥}

e
i

400 500 600 700 800 900
Wavelength (nm)

1000

Fig. 3 Average spectral reflectance of the five disease severity
levels.

reflectance of each level begins to decline. Between 680 and
770 nm, the spectral reflectance of each level abruptly rises, and
between 770 and 900 nm, it tends to flatten. In the 900-1000
nm range, the reflectance curves of each level first slowly
decrease, then gradually increase. In the 750-1000 nm range,
the reflectance values show a gradient decline with the rise of
disease severity levels.

3.2 Discriminability of different disease severity
levels

3.2.1 Fatty acid metabolism

The discriminability of different bands was quantitatively
evaluated using one-way analysis of variance (ANOVA). The
computed variance F-values were normalized to demonstrate
the discriminability effect of different disease severity levels
bands,
discriminability and 1 indicates the best discriminability. As

across various where 0 indicates the worst

evident in , the discriminability effect of a single band in
the 400-700 nm range is not good. In the 740-880 nm range,
the band discriminability is the best, whereas in the 880-
1000 nm range, the band discriminability gradually decreases
from high.

3.2.2 Band combination discriminability of different disease
severity levels

The band intervals in hyperspectral data are relatively small,
which often leads to information redundancy. To identify this
redundant information, the correlation between each band was
first calculated and the results are presented in the form of a
heatmap ( ). It is clear that the correlation within the
400-720 nm and 720-1000 nm ranges exceeded 0.7, indicating
a high degree of correlation and substantial redundancy within
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these two ranges. Therefore, one band from each of these two
ranges was selected to represent the normalized vegetation
structure parameters, to reduce the impact of information
redundancy.

To select the best-normalized structure band combination, the

study adopted an exhaustive method and performed
normalization on the variance F-values. The 720-1000 nm
range was used as the first band of the normalized structure,
and the 400-720 nm range was used as the second band.
Subsequently, one-way ANOVA was used to assess the
). The results
indicated that the normalized structure comprising the band
combination of 720-1000 nm and 400-580 nm exhibited poor

discriminability, with a value below 0.4. In contrast, the

discriminability of each band combination (

1.0
700

0.8
-~ 5
£ 00 06 5
= e
B =
5] | <
B 04 g
Z 500 =

0.2

400

800 900
Wavelength (nm)

1000

Fig. 6 Discriminability of normalized structure band combinations.

normalized structure formed by the band combination of
720-1000 nm and 580-700 nm gradually demonstrated
improved discriminability. Among all combinations, the
normalized structure constructed from the band combination
of 720-1000 nm and 650-680 nm showcased the best
discriminability performance. Consequently, the normalized
structure composed of the band combination of 720-1000 nm
and 650-680 nm exhibits optimal discriminability.

3.3 Band selection results

The Relief-F algorithm was used to select single bands and
band combinations ( ). The weight curve ( )
rapidly rose around 400-700 nm, with a peak around 550nm,
and then gradually decreases to 700 nm; the curve sharply rose
to the global peak from 700 to 780 nm and had a declining
trend from 780 to 1000 nm. Based on the principle of
maximum weight, the single band obtained was at 778 nm

( ).

( ) and following the principle of maximum weight, the

Each point represents a band combination

band combination obtained was 722 and 664 nm.

3.4 Comparison of constructed vegetation index
and established vegetation index

Based on the Relief-F algorithm, this study has selected three
sensitive bands: A1 = 778 nm, A2 = 722 nm, A3 = 664 nm, which
are used to construct the RBI and compare it with the
established vegetation index. To evaluate the correlation
between the vegetation index and the severity level of rice blast
disease, each vegetation index was analyzed with the disease
severity level using Spearman correlation, with specific results
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Fig. 7 Results and weights of band selection using Relief-F algorithm.

shown in

According to the Spearman correlation analysis results, this
study found that the established vegetation indices TVI,
D800/500, D800/680, DDI, MTVI1 and the custom-built
vegetation index RBI have a high correlation with the severity
level of rice blast disease, with correlation coefficients all
reaching 0.95 or above (p = 0.01).

To further visualize the classification effects of these six
vegetation indices in differentiating disease severity levels,
boxplots were used ( ), with RBI slightly overlapping
between disease grades 0 (healthy) and 1 (mild disease), but no
overlapping between the other disease grades, indicating its
good discriminative ability across different disease severities. In

contrast, TVI overlapped between different disease grades,

indicating poorer performance in disease detection and
severity differentiation. D800/550, D800/680 and DDI indices
demonstrate good discrimination between moderate to high
disease grades (grades 3 and 4) but weaker discrimination
between low disease grades (grades 0-2). MTVI1 exhibits some
overlap between the lowest and lower disease grades (grades
0-3), while differentiation between other disease grades is
clearer.

3.5 Classification performance

KNN and RF algorithms were used to establish disease severity
detection models for rice blast disease using six vegetation
indices, and the classification results are summarized in

. Looking at the classification performance of the KNN
model, RBI has the highest classification accuracy, with an OA

Table 5 Correlation between 31 vegetation indices (as given in ) and disease severity level

Vegetation index Correlation || Vegetation index Correlation || Vegetation index Correlation || Vegetation index Correlation
RDVI 0.89 PSRI -0.32 GRNDVI —0.45 OSAVI —0.90
PRI 0.64 Mac -0.33 RTVI -0.51 TVI -0.97*"
PRI570/531 0.64 LCI -0.34 RENDVI -0.52 D800/550 -0.96""
ARI 0.16 BWDVI -0.40 NPCI -0.52 D800/680 -0.97""
Al -0.10 SIPI -0.42 SR740/720 -0.52 DDI -0.95"
DPI -0.12 CIG -0.43 GI -0.55 MTVI1 -0.97""
GLI -0.20 GBNDVI -0.43 HI -0.55 RBI -0.98™"
BRI -0.20 NDVI —0.45 MCARI -0.68

Note: ™ p =0.01.
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Fig. 8 Classification effects of different vegetation indices in distinguishing different disease severity levels.

Table 6 Classification results of vegetation indices

Model Vegetation index Opverall accuracy (OA) (%) Kappa coefticient (%)
K-nearest neighbor (KNN) TVI 87.5 84.4
D800/550 75.0 68.8
D800/680 90.0 87.5
DDI 67.5 59.4
MTVI1 92.5 90.6
RBI 95.0 93.8
Random forests (RF) TVI 77.5 71.9
D800/550 70.0 62.5
D800/680 87.5 84.4
DDI 67.5 62.5
MTVI1 94.0 91.9
RBI 95.1 92.5

0f 95.0% and a kappa coefficient of 93.8%; followed by MTVI]I,
with an OA of 92.5% and a kappa coefficient of 90.6%. In terms
of the RF model classification performance, RBI achieved the
highest classification accuracy, with an OA reaching 95.1% and
a kappa coefficient reaching 92.5%. MTVI1 classification
accuracy is second to RBI, with an OA of 94.0% and a kappa
coefficient of 91.9%. From the classification accuracy of KNN
and RF, RBI provided the best classification performance, and
the classification results are superior to the other five

vegetation indices.

4 Discussion

To achieve efficient and non-destructive detection of rice blast
disease, this study established the vegetation index, RBI,
specifically for rice blast disease. Spectral data of rice blast
canopy were collected using drone and qualitative analysis of
spectral curve trends for different disease grades was conducted
based on the average spectral reflectance curves of different
disease grades. This qualitative analysis revealed specific

patterns of spectral curve changes with grade variations.
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Subsequently, the separability of spectral data under different
disease grades was quantitatively evaluated using ANOVA,
establishing the discriminative power of spectral data under
different disease grades. Then, the Relief-F algorithm was used
to obtain the weight curve of bands, and based on these
weights, feature bands were selected and used to construct the
RBI using Fisher discriminant analysis fitting coefficients. To
evaluate the detection performance of RBI, 30 established
vegetation indices were introduced for comparison. Spearman
correlation analysis and visualization methods (boxplots) were
used to further screen the vegetation indices and, finally, the
classification accuracy of the vegetation indices was assessed
through model classification accuracy.

Based on the average spectral reflectance curves of different
levels, the average spectral curves of different disease severity
levels all have a peak at 550 nm, and the curves of diseased rice
are lower than those of healthy rice. This may be due to
changes in the chlorophyll and carotenoid content in diseased
ricel”’]. In the 680-740 nm range, the spectral curves of each
disease severity level rose sharply, approximating a straight
line. In the 740-770 nm range, the reflectance slope decreased
with increasing disease severity, which may be related to the
reduction of chlorophyll content caused by rice disease
stressl’’L. In the 770-1000 nm range, the spectral reflectance
curves decreased in a gradient with the disease severity level,
which could be due to changes in the canopy structure after the
rice is stressed by the blast diseasel’"). In the subsequent band
separability, it was highest after 770 nm, which is consistent
with the analysis of the average spectral curve in the near-
infrared band.

In the quantitative understanding of band separability,
according to the band separability results of one-way ANOVA,
the separability of 740-880 nm was the best, which may be due
to the relatively large impact on the cell structure of diseased
rice in rice blast disease. In-band combination, considering
band information redundancy, a correlation analysis was first
performed between the bands, resulting in two band ranges of
400-720 and 720-1000 nm. band
combinations exhaustively

Subsequently, the

of these two ranges were
enumerated and the same one-way ANOVA was used for
separability analysis with disease severity. Further, the feature
bands 778, 722, and 664 nm were obtained using Relief-F.
Then, 31 vegetation indices were correlated with disease
severity, and the vegetation indices (a total of 6) with a
correlation greater than 0.95 were selected: RBI, TVI,
D800/550, D800/680, DDI, and MTVI1. The effect of the
vegetation index was then visualized effectively using boxplots.

Finally, KNN and RF models were established, and the

classification results showed that the classification accuracy of
the RBI index was the highest, demonstrating the feasibility
and effectiveness of the RBI application. According to the
classification model results, D800/680, MTVI1, and RBI have
better classification accuracy than the other three vegetation
indices. The bands of D800/680 is a near-infrared and red
bands, and these two band ranges are easily affected by rice
blast disease. The lower classification accuracy of D800/550
than D800/680 might be due to the significant change at
680 nm affected by chlorophyll in this study, which is in line
with the RBI proposed in this study. MTVI1
improvement of the TVI vegetation index, mainly to solve the

is an

problem that TVTI is easily affected by soil background noise
under low vegetation coverage. This makes MTVI1 still
accurately reflect the chlorophyll content of vegetation under
low vegetation coverage and the chlorophyll content changes
under the stress of rice blast disease. This explains why MTVI1
can be used to detect rice blast disease and also why the
classification accuracy of TVI is lower than MTVIL. The low
classification accuracy of DDI may be because the band is
concentrated at 670-750 nm, only considering the impact of
rice blast disease on chlorophyll, and ignoring other
influencing factors such as cell structure and vegetation
morphology. The highest classification accuracy of the RBI
proposed in this study might be due to the RBI index
considering the impact of rice blast disease on rice chlorophyll
content, cell structure and vegetation morphology.

In this paper, we introduce a new spectral index, the RBI,
aimed at improving the accuracy and efficiency of rice blast
disease detection. Compared to existing spectral indices, RBI
possesses several significant advantages. Firstly, RBI is the
result of precise calibration based on the specific effects of blast
disease on rice leaves. It combines multiple bands sensitive to
the disease, allowing for a more accurate reflection of the
impact of blast disease on rice vegetation spectral reflectance.
This meticulous band selection process ensures high sensitivity
and specificity of RBI in disease detection. Secondly, RBI
effectively reduces errors caused by atmospheric conditions
and differences in crop growth stages by optimizing band
combinations, thereby maintaining high stability and reliability
under different environmental conditions. Additionally, the
applicability of RBI is not limited to laboratory conditions; its
effectiveness in large-scale field environments has been widely
validated, demonstrating its broad applicability and superiority
in practical applications. Through comparative analysis with
other commonly used indices such as NDVI and RVI, we
demonstrate the significant advantage of RBI in distinguishing
healthy vegetation from those affected by rice blast disease,
further demonstrating the application potential and innovative
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value of RBI in crop disease monitoring.

The reasons for choosing KNN and RF classification models
for this study mainly lie in three aspects. Firstly, KNN and RF
are different types of models, with KNN based on instance-
based learning and RF based on ensemble learning of decision
trees. Choosing diverse models can enhance the overall
prediction robustness and generalization ability. Secondly,
KNN is highly sensitive to the local structure of the data, while
RF is more sensitive to the global structure of the data. These
two models can help us better adapt to different data
distributions. Lastly, KNN and RF have demonstrated useful
classification results in many fields, thus KNN and RF were
chosen as the classification models for this study based on these
considerations!*! =71,

In this study, there was no clear distinction between the
superiority and inferiority of KNN and RF from the
classification model results. In the KNN classification model,
the classification accuracies of TVI, D800/550 and D800/680
were higher than in the RF model; in the RF classification
model, the classification accuracies of DDI, MTVI1 and RBI
were higher than in KNN. This demonstrates that the
classification accuracy of a certain model is not universally
higher than other models and, when establishing a model, its
characteristics, the distribution of data, and the selection of
model parameters need to be considered!" .

5 Conclusions

When plants are stressed by disease, their biochemical
parameters such as pigment content and canopy structure will
change, thereby leading to changes in spectral reflectance.
Therefore, studying the spectral reflectance characteristics of

vegetation under disease stress has become one of the
important means of remote sensing disease detection. This
study aimed to establish a vegetation index detection method
for rice blast disease using unmanned aerial vehicle
hyperspectral data to meet the requirements of precise and

efficient modern agricultural detection.

In this study, we first performed a one-way ANOVA, finding
that the region between 760 and 840 nm had the best
separability among single-band reflections and the
combination of 720-1000 and 650-680 nm had the best
separability among band combinations. The Relief-F algorithm
was then used to select the bands at 778, 722, and 664 nm based
on maximum weights, which were used to construct the RBI
for detecting rice blast disease. To verify and ensure the
effectiveness of the vegetation index, we compared it with 30
established vegetation indices. We performed a Spearman
correlation analysis for the 31 vegetation indices and disease
severity, selecting six vegetation indices with correlations
greater than 0.95, including RBI. These indices were then
further examined using boxplots to visually compare their
performance. According to the visualization results, RBI had
minimal overlap between severity levels 0 and 1, with no
overlaps between other severity levels. This indicates that
still has high
discriminatory power. Finally, we established KNN and RF
classification models, finding that RBI had the highest
classification accuracy of all vegetation the indices evaluated. In
the KNN model, the OA and kappa coefficient were 95.0% and
93.8%, respectively; in the RF model, the OA and kappa
coefficient were 95.1% and 92.5%, respectively. In conclusion,

although there is minor overlap, RBI

the vegetation index constructed in this study can effectively
detect rice blast disease, providing technical support and
scientific methods for precise detection in modern agriculture.
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