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ABSTRACT: Plant diseases are a major threat that can severely impact the production of agriculture and forestry.
This can lead to the disruption of ecosystem functions and health. With its ability to capture continuous narrow-band
spectra, hyperspectral technology has become a crucial tool to monitor crop diseases using remote sensing. However,
existing continuous wavelet analysis (CWA) methods suffer from feature redundancy issues, while the continuous
wavelet projection algorithm (CWPA), an optimization approach for feature selection, has not been fully validated to
monitor plant diseases. This study utilized rice bacterial leaf blight (BLB) as an example by evaluating the performance
of four wavelet basis functions—Gaussian2, Mexican hat, Meyer, and Morlet—within the CWA and CWPA frameworks.
Additionally, the classification models were constructed using the k-nearest neighbors (KNN), random forest (RF), and
Naive Bayes (NB) algorithms. The results showed the following: (1) Compared to traditional CWA, CWPA significantly
reduced the number of required features. Under the CWPA framework, almost all the model combinations achieved
maximum classification accuracy with only one feature. In contrast, the CWA framework required three to seven
features. (2) The choice of wavelet basis functions markedly affected the performance of the model. Of the four functions
tested, the Meyer wavelet demonstrated the best overall performance in both the CWPA and CWA frameworks.
(3) Under the CWPA framework, the Meyer-KNN and Meyer-NB combinations achieved the highest overall accuracy of
93.75% using just one feature. In contrast, under the CWA framework, the CWA-RF combination achieved comparable
accuracy (93.75%) but required six features. This study verified the technical advantages of CWPA for monitoring
crop diseases, identified an optimal wavelet basis function selection scheme, and provided reliable technical support
to precisely monitor BLB in rice (Oryza sativa). Moreover, the proposed methodological framework offers a scalable
approach for the early diagnosis and assessment of plant stress, which can contribute to improved accuracy and
timeliness when plant stress is monitored.

KEYWORDS: Hyperspectral; continuous wavelet analysis; continuous wavelet projection algorithm; wavelet basis
function; disease monitoring

1 Introduction

Plant diseases and pests are some of the most destructive biotic stress factors in agricultural production,
and they cause global crop losses of approximately 20%-40% a year (FAO, 2021) [1]. In addition to reducing
yields, these issues also trigger secondary ecological problems, such as an imbalance in the soil microbial
community and pollution with pesticide residues. These have become major restrictions to the sustainable
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development of agriculture [2]. Traditional monitoring methods that primarily rely on manual field surveys
face challenges, such as poor timeliness, labor intensity, and limited spatial coverage. Thus, their use makes it
difficult to meet the demands of precision agriculture [3]. Given these challenges, hyperspectral technology,
with its abilities to acquire high-dimensional data, provides a novel and promising pathway to monitor plant
stress. The rapid development of hyperspectral technology, coupled with the advances in the miniaturization
of sensors and reductions in the costs of acquisition, has significantly expanded its application in monitoring
plant disease [4]. Breakthroughs in computational imaging and satellite remote sensing have further
improved the efficiency of collecting data [5]. For instance, Zhou et al. (2019) demonstrated that UAV-borne
hyperspectral systems offer advantages in operational flexibility and radiometric accuracy. This has led to the
collection of large-scale, high-resolution data collection at a lower cost [6]. More importantly, hyperspectral
data, with its continuous narrow-band spectral coverage, can capture subtle changes in the processes of plant
physiology and biochemistry. This capability enables the detection of abnormal spectral responses during
the latent phase of disease development, thus, facilitating early warning and prevention [7-9].

Recent studies have focused on improving the extraction of spectral features and optimizing modeling
techniques. For example, Lin et al. (2016) used differential spectral analysis and sensitivity evaluation to
develop a quantitative model to predict disease severity in Yunnan pine needles (Pinus yunnanensis). They
achieved robust model performance (R* > 0.99) [10]. Similarly, Mustafa et al. (2023) integrated vegetation
indices, such as NDVI and PRI, with machine learning algorithms to enhance the monitoring accuracy
of wheat Fusarium head blight and obtained an overall classification accuracy >90% [11]. Hu et al. (2024)
employed UAV-based hyperspectral imaging and machine-learning models to predict the yield of oilseed
rape (Brassica napus). The random forest (RF) model achieved the highest training accuracy (R* = 0.925,
RRMSE = 5.91%) [12]. However, most existing methods have been limited to analyzing spectral-domain
features. Thus, there is still a lack of the comprehensive exploration of spectral transformation-domain
characteristics that may better capture the complex responses of plant stress [13-16].

Spectral transformation-domain analysis provides new insights to extract meaningful information from
high-dimensional data. Although Fourier-transform methods can reveal global frequency characteristics,
they fail to capture the local time-frequency properties of non-stationary signals [17]. In contrast, wavelet
analysis uses multi-scale decomposition to simultaneously extract temporal and spectral information.
Thus, it is more effective at analyzing complex and dynamic spectral data [18,19]. For instance, Li et al.
(2021) combined fractional-order differential and continuous wavelet transform to preprocess the hyper-
spectral data of winter wheat (Triticum aestivum) and built a model to estimate the LAI using optimal
subset regression and SVM. This combination was highly accurate during the flowering and filling stages
(R? = 0.87 and 0.84) [20]. Huang et al. (2021) used continuous wavelet analysis and PSO-SVM to detect
Fusarium wilt of wheat and reached an overall accuracy of 93.5% (Kappa = 0.903), thus, outperforming
traditional methods [21]. Ren et al. (2023) combined solar-induced chlorophyll fluorescence (SIF) with
wavelet energy coeflicients (WFs) to create a model to monitor stripe rust in wheat (Triticum aestivum). This
change improved the model accuracy (R* = 0.867) [22]. Despite these advances, conventional wavelet-based
approaches face limitations owing to the redundancy of features in high-dimensional data, and the model
performance is highly sensitive to the choice of wavelet basis functions [23]. To address these challenges,
recent studies have proposed innovative methods that optimize feature extraction and classification. For
example, Zhao et al. (2022) introduced the continuous wavelet projection algorithm (CWPA) by combining
CWA with the successive projection algorithm (SPA). This approach improved both feature dimensionality
reduction and classification accuracy in detecting disease on tea (Camellia sinensis). They achieved an overall
accuracy of 98.08% using a random forest (RF) model [24]. However, there has been no systematic research
on how to select appropriate wavelet basis functions or test their compatibility with different machine
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learning algorithms. Existing methods often rely on empirical or subjective choices, thus, limiting their ability
to generalize across different plant species and disease conditions.

Rice BLB, caused by Xanthomonas oryzae pv. oryzae (X00), is a devastating foliar disease that signifi-
cantly impacts the yield and quality of rice (Oryza sativa). It is prevalent in the major rice-producing regions
of China [25]. The pathogen enters rice plants through leaf hydathodes, mechanical wounds, and roots.
This infection leads to the development of yellow-green to dark green streaks on the leaves (Fig. 1). As the
disease progresses, these lesions expand and cause the leaves to wilt; this impairs photosynthesis and affects
metabolism [26]. The frequency and severity of BLB outbreaks are increasing with climate change and shifts
in agricultural practices. This is particularly true in southern rice-growing areas where it has become a major
threat. Studies have found that BLB can reduce the yields of rice by 10%-30%, and severe cases can lead to
losses >50%, or even total crop failure [27]. Therefore, establishing an accurate and timely monitoring system
is crucial to effectively manage the disease and safeguard food security.
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Figure 1: Symptoms of BLB in rice leaves and canopy

This study aimed to evaluate the applicability of different wavelet basis functions to monitor crop disease
using rice BLB as the model system at the canopy scale. The specific objectives were as follows: (1) to compare
the efficiency of dimensionality reduction and classification accuracies of traditional CWA and CWPA and
to validate the potential advantages of CWPA in improving the accuracy of monitoring plant disease; (2) to
evaluate the performance of four wavelet basis functions (Gaussian2, Mexican hat, Meyer, and Morlet) at
extracting the spectral features of rice BLB, identify their spectral response patterns, and select the optimal
basis function to provide theoretical guidance for the extraction of disease features; and (3) to investigate
the compatibility of different feature extraction frameworks (CWA/CWPA) with three machine learning
algorithms (KNN, RF, and Naive Bayes) and establish selection criteria for combinations of the optimal
wavelet basis function-algorithm that enhance the accuracy of monitoring plant diseases.

2 Materials and Methods
2.1 Hyperspectral Data Acquisition

The experiment was conducted in 2022 in Fenghua County, Zhejiang Province, China (121.474925° E,
29.687503° N) using a single-season rice variety (Yongyou 15, developed by the Crop Research Institute of
Ningbo Academy of Agricultural Sciences, Ningbo, China) as the test subject for BLB at the grain-filling stage.
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Within the experimental field, an area with a uniform distribution of BLB symptoms was selected to acquire
hyperspectral measurements and assess the severity of diseases. The classification of disease severity utilized
the national standard for rice BLB (GB/T 17980.19-2000), and the samples were categorized into three levels
of severity: Healthy (40 samples), Mild (80 samples), and Severe (80 samples). Hyperspectral canopy data
were collected using a FieldSpec® 4 spectroradiometer (Analytical Spectral Devices, Boulder, CO, USA),
which has a wavelength range of 350-2500 nm. Measurements were taken between 10:00 and 14:00 under
clear, windless, or slightly windy conditions to minimize atmospheric interference. The sensor probe was
positioned 1 m above the rice canopy with a 25° field of view (FOV), and the probe was oriented vertically
downward when the data were collected. Ten repeated measurements were taken for each sample point
and averaged to enhance the reliability of data. The spectroradiometer was calibrated using a Spectralon
reference panel before and after each measurement to correct for variations in the ambient light. The raw
radiance data were converted to spectral reflectance using the following formula:

Radtarget

Reftarget = X Refwhite refernce x 100% (1)

Radwhite reference

where Ref4,4.; represents the reflectance of the measured canopy; Ref yhite reference represents the reflectance
of the reference panel, and Rady,r4er and Rad,,pite reference refer to the radiance values of the measured canopy
and reference panel, respectively.

2.2 Data Analysis

This study created rice BLB monitoring models by combining CWA and CWPA with three machine
learning algorithms—KNN, RF, and NB—to accurately identify disease and monitor its severity. The data
analysis included the following steps: (1) CWA: CWA was applied using four different wavelet basis functions,
and the results were integrated with the KNN, RF, and NB algorithms to develop monitoring models.
(2) CWPA: CWPA was implemented based on the four wavelet basis functions to assess its applicability
to monitor rice BLB. This method was combined with the three machine learning algorithms to construct
additional monitoring models. (3) Model Comparison and Basis Function Evaluation: The performance and
characteristics of the CWA and CWPA models were compared under different wavelet basis functions. The
impact of wavelet basis function selection on model performance was then analyzed. The overall research
framework is illustrated in Fig. 2.
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Figure 2: Flowchart of the data analysis

2.2.1 Traditional Continuous Wavelet Analysis Method
Continuous Wavelet Feature Extraction

CWA decomposes the reflectance spectra using continuous wavelet transforms at various scales and
wavelengths. By analyzing the resulting wavelet coefficient matrix, feature coefficients sensitive to the target
parameters are extracted to form the wavelet feature set [23]. CWA can decompose signals at different scales,
thus, capturing variations across frequency components from low to high frequencies. It also suppresses noise
by selecting coeflicients at specific scales and capturing both overall spectral trends and local fluctuations.
The expression for the wavelet basis function used is as follows:

\Pa,b =

1 ‘P(A—b

)a,beR,ath (2)
a

|4l

where a is the scale factor and b is the translation factor [24]. After the original spectral signal was
decomposed using the wavelet transform, the wavelet coefficients were obtained. The expression for the
wavelet coefficients is as follows:

Wi (@) = (%) = [ FO)¥as (V) A ®)
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where f (A) (A = 1,2, ..., n) represents the reflectance spectrum and n is the number of bands. The wavelet
coefficients Wy (a;,b)) (i=1,2,...,m;j=1,2,...,n) form an m x n wavelet coefficient matrix, representing
the decomposition scales (i =1, 2, ..., m) and bands (i =1, 2, .. ., n) [20]. Four wavelet basis functions were
analyzed to assess the impacts of different wavelet basis functions on the performance of CWA. They included
Gaussian2, Mexican Hat, Meyer, and Morlet [23]. The computational complexity was reduced by using the
wavelet decomposition scales 2'(i=0,1,2,...,10) [28]. The curves of the four wavelet functions are shown
in Fig. 3.
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Figure 3: Curves of the four selected wavelet basis functions used in the study

After continuous wavelet decomposition, each spectral curve generated wavelet coeflicients at different
scales. A one-way analysis of variance (ANOVA) was used to select features sensitive to the three levels of
severity of the rice BLB disease (healthy, mild, and severe). An ANOVA was performed on each wavelet
coefficient to obtain a p-value matrix of 1588 (bands) x 11 (scales) [29]. This matrix reflected the sensitivity
of wavelet coeflicients across the spectral bands under different levels of disease severity. Lower p-values
indicated higher sensitivity. The top 1% of sensitive coefficients were retained since previous studies showed
that this threshold effectively preserves the diagnostically relevant spectral features in detecting stress in
vegetation [18,29]. Connected regions with more than 10 pixels were then retained, and the central scale and
wavelength of each region were defined as the representative wavelet features.

Construction of a Rice BLB Monitoring Model Based on CWA

Models to monitor rice BLB were constructed using the three machine learning models KNN, RE
and NB. They were based on four sets of selected sensitive feature sets derived from different wavelet basis
functions. KNN is an instance-based learning method that classifies samples by calculating the distance
between them. It is simple and intuitive, and it is particularly effective at handling nonlinear relationships
between features. This model is commonly used to quickly classify and identify plant diseases and has
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applications for remote sensing to monitor pests. It is particularly true when there is a limited number of
training samples [30]. RF is an ensemble learning algorithm that performs classification or regression by
combining multiple decision trees. It is known for its strong noise resistance and high prediction accuracy.
Thus, it is particularly suitable for scenarios with high-dimensional features and large datasets. RF is widely
used to monitor the health of crops, predict disease, and perform other tasks in monitoring plant diseases
and processing remote sensing data. This ability is owing to its ability to effectively handle high-dimensional
features and complex data structures [31]. NB is a classification method based on the Bayes’ theorem,
and it assumes conditional independence between the features. It is computationally efficient and highly
adaptable to small datasets. NB is suitable for situations of monitoring plant pests and diseases where the
relationships between features are relatively simple, and the dataset is small. Thus, it is useful for preliminary
disease detection and classification tasks [32]. The selection of these three classifiers was based on their
complementary advantages in terms of interpretability, computational efficiency, and practical performance
in previous studies that monitored plant diseases. In particular, KNN offers straightforward decision-making
with minimal training costs. Therefore, it can be rapidly implemented. RF is robust and highly accurate
in complex, high-dimensional data environments. NB provides fast and reliable results when working
with smaller datasets and simpler feature relationships. Together, these models enable a comprehensive
comparison of classification performance under varying data conditions, thereby improving the reliability
of the evaluation models. These three methods have their own strengths in pattern recognition and are
applicable in different scenarios. In this study, these three methods were selected to construct the models,
and the results were compared. Five-fold cross-validation was used to evaluate the accuracy of the model
and its overall accuracy (OA). The Kappa coeflicient was chosen as an evaluation metric. Additionally,
because the number of features (NF) was closely related to algorithm efficiency, it was also considered as
a model evaluation metric. The data were analyzed and the model constructed using the MATLAB and
PyCharm platforms.

2.2.2 Introduction of CWPA

CWA has strong spectral information extraction capabilities and can precisely extract spectral features
at different scales. However, an ideal spectral feature set should not only be highly sensitive to the target
parameters but also ensure that information redundancy between the features is minimized. Relying solely
on traditional feature sensitivity analysis for feature selection may result in the insufficient optimization of
features, which can affect the model performance. The successive projection algorithm (SPA) is a forward
feature selection algorithm that minimizes information redundancy between the feature vectors and selects
a feature combination with the lowest redundancy [33]. SPA can effectively reduce information redundancy
and help with dimensionality reduction. This improves the efficiency of the model and its ability to generalize.
However, it lacks the capacity to process spectral information.

To address this issue, previous research combined the ability of CWA to extract spectral information
with the feature optimization ability of SPA. This combination produced the CWPA. This method effectively
reduces redundant features and optimizes feature combinations, thereby improving the accuracy and stability
of the model [24]. It has achieved significant results in spectral data analysis and offers a promising potential
for monitoring plant diseases and pests. Therefore, this study aimed to explore the application of CWPA
to monitor BLB in rice and enhance the accuracy and reliability of the monitoring models. The overall
methodological framework of CWPA is consistent with the CWA procedure described in Section 2.2.1,
including wavelet decomposition, feature matrix construction, and model evaluation using RE, KNN, and
NB classifiers. As shown in Fig. 4, the key distinction lies in the subsequent application of SPA on the
reconstructed wavelet feature matrix. Variance analysis and significance evaluation were used to identify
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the most discriminative features across the different NFs. This method effectively compressed the feature
dimensionality while remaining highly accurate at classification. It significantly enhanced the computa-
tional efficiency of disease monitoring models and made it suitable for large-scale hyperspectral real-time
monitoring and the precise identification of diseases in crops.
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Figure 4: CWPA workflow. The flowchart on the left is cited from Zhao et al., 2022 [24]

CWPA uses the same algorithms and accuracy evaluation metrics to construct the model and evaluate
its accuracy as those described in Section 2.2.1 for the CWA method. The data were also analyzed and the
model constructed using the MATLAB platform. Additionally, the applicability and advantages of different
wavelet basis functions and algorithm combinations were compared. The pros and cons of CWA and CWPA
under different feature extraction strategies were analyzed. An efficient model suitable for monitoring BLB
in rice was proposed. This study will provide references to remotely monitor other plant diseases and pests.

2.2.3 Other Spectral Analytical Methods

We selected two classical and widely used spectral analysis approaches to further validate the effective-
ness and advantages of the proposed CWPA method for hyperspectral disease monitoring. They included a
systematic comparison of the vegetation index (VI)-based and principal component analysis (PCA)-based
methods using the same dataset. The VI-based methods construct spectral indices using the reflectance
values from specific wavelengths to capture physiological traits, such as chlorophyll content, water status,
and photosynthetic activity. They have been widely applied to detect crop stress and disease symptoms in
the early stages [34]. In this study, we screened 12 representative VIs (Appendix A Table A1) and selected the
most informative ones through a one-way ANOVA (p < 0.001) followed by a correlation analysis (R* > 0.8)
to remove redundancy and obtain an optimal feature subset. Alternatively, PCA uses linear transformation
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to project high-dimensional hyperspectral data into orthogonal components. This enables the reduction of
dimensionality reduction while preserving the major data variance. We retained the principal components
whose cumulative contribution exceeded 95% as the classification features [35]. The VI-based and PCA-
based methods employ the same algorithms and accuracy evaluation metrics as the CWA and CWPA
methods to construct the models and assess performance.

3 Results and Discussion

3.1 Canopy Spectral Response Characteristics of Rice BLB

The canopy spectral reflectance curves of rice samples with different levels of BLB infection are shown
in Fig. 5a, while Fig. 5b shows the corresponding spectral ratio curves. The spectral reflectance values
increased and then decreased with the severity of disease in the spectral range of 350-2500 nm. There were
significant differences in the spectral characteristics across the wavelength regions. In the visible light range
of 350-680 nm, there was little change in the spectral reflectance of all the samples, and they slightly increased
in parallel with the severity of the disease. This could be owing to the reduction in chlorophyll content and
the degradation of leaf tissues caused by the disease. This resulted in vegetation that was absorbed poorly and
enhanced reflection. In the red-edge region (680-800 nm), the spectral reflectance increased rapidly. The
healthy sample (Healthy) had the greatest increase, followed by the mild infection sample (Mild). The severe
infection sample (Severe) increased the least. Severe disease inhibited the photosynthetic activity of the leaf
cells. This slowed the increase in reflectance in the red-edge region, which typically manifests as a red-edge
shift. The most significant spectral response differences were observed in the near-infrared plateau region
(760-1100 nm). Compared with the healthy sample, the reflectance values of the disease-stressed samples
significantly decreased in this region. This decline became more pronounced as the disease severity increased
primarily owing to damage to the structures of the leaf cells. This reduced the multiple scattering ability of the
near-infrared light and reflected a significant deterioration in the physiological state of the vegetation. These
results indicated that the near-infrared plateau region (760-1100 nm) played a crucial role in the identification
and assessment of disease severity in rice BLB. It provided key information to quantify the disease and further
validated the importance of this wavelength region for the assessments of plant health. Additionally, the
ratio spectral curves in Fig. 5b clearly reveal reflectance variations induced by BLB across several sensitive
wavelength regions, including 380-500 nm, 600-700 nm, and 750-1000 nm. These variations correspond to
progressive physiological and structural alterations, including chlorophyll degradation, tissue damage, and
moisture loss, thereby enabling effective differentiation of BLB severity levels. Overall, the rice BLB had a
significant impact on the spectral reflectance of the canopy. This was apparent because the spectral curves
from samples that varied in their disease severity had specific changes across the visible, red-edge, and near-
infrared bands. This characteristic suggested that spectral signal analysis based on hyperspectral data could
be an effective tool for the early monitoring of rice BLB and the diagnosis of its severity. These factors indicate
the importance of applying this technique for diagnosis.
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Figure 5: Comparisons of the Spectral Responses between Healthy and Different Disease Severities. (a) Curves of
raw reflectance; (b) Spectral ratio curves (Mild/Healthy and Severe/Healthy). The spectral bands from 1350-1500 nm,
1800-2019 nm, and 2301-2500 nm, which were affected by atmospheric water vapor, have been excluded from this figure

3.2 Feature Selection and Model Evaluation Based on Traditional Continuous Wavelet Analysis

The required NF and model accuracy for the models to monitor rice BLB based on different wavelet
basis functions and machine learning algorithm combinations are shown in Table 1. It shows that the Meyer
wavelet basis function performed the best overall across all three classifiers. The Meyer-RF model achieved
an accuracy of 93.73% using six features, whereas the Meyer-KNN and Meyer-NB models achieved an
accuracy of 91.25% using seven and six features, respectively. The second-best performer was the Mexican
Hat wavelet basis function. Although the model was slightly less accurate than the Meyer function across
all three classifiers, it required fewer features. The Morlet wavelet basis function performed the worst, with
all three models requiring the same NF (five). The Morlet-RF model achieved an accuracy of 88.75%, and
both the Morlet-KNN and Morlet-NB models achieved an accuracy of 85.0%. In terms of machine learning
algorithm performance, the RF algorithm overall outperformed the KNN and NB models for monitoring
BLB in rice. The highest model accuracy with the RF algorithm across different wavelet basis functions
was 93.75% (Meyer-RF), whereas the highest model accuracies for the KNN and NB algorithms <91.25%.
Considering both NF and model accuracy, the best model combinations for each wavelet basis function
were as follows: Meyer-RF (six features, 93.75% overall accuracy), Mexican Hat-Naive Bayes (three features,
90.00% overall accuracy), Mexican Hat-RF (five features, 92.50% overall accuracy), and Morlet-RF (five
features, 88.75% overall accuracy).

Table 1: NF selected by CWA and model accuracy for different wavelet basis functions at the 1% sensitivity region
retention ratio

Wavelet basis function NE Overall accuracy Kappa

RF KNN NB RF KNN NB RF KNN NB
Gaussian2 6 6 5 91.25% 88.75% 91.25% 0.86 0.82 0.86
Mexican 5 4 3 92.50% 90.00% 90.00% 0.88 0.84 0.84
Hat
Morlet 5 5 5 88.75% 85.00% 85.00% 0.82 0.76 0.76

(Continued)
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Table 1 (continued)

Wavelet basis function NE Overall accuracy Kappa
RF KNN NB RF KNN NB RF  KNN NB
Meyer 6 7 6 93.75% 91.25% 91.25% 090  0.86  0.86

shows the wavelet coeflicient sensitivity spectra of the rice BLB generated by the best models
of four different wavelet basis functions. As shown in the figure, although the four wavelet basis functions
analyzed the spectral signals differently, the sensitivity spectra they produced were all highly sensitive in
the 623-925 nm wavelength range. These responses reflect the important role of this range in disease
monitoring. Despite differences in feature extraction scales and frequency domain analysis, all four wavelet
basis functions extracted sensitive features within that key spectral range. This further confirmed the spectral
response characteristics of visible and near-infrared wavelengths to rice BLB and their effectiveness in
monitoring disease.
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Figure 6: Wavelet Coeflicient Sensitivity Spectra and Sensitive Feature (Retaining 1%) Regions for Different Wavelet
Basis Functions in CWA. The bands affected by atmospheric water vapor (1350-1500 nm, 1800-2019 nm, and 2301-
2500 nm) are excluded in this figure, and the corresponding regions are black

The features selected by the Meyer-RF combination in the 1205 nm shortwave infrared region may
have been related to changes in the content of water in the rice leaves. There were strong plant moisture
absorption characteristics in the shortwave infrared region, and the damage to leaf cells and water imbalance
caused by rice BLB led to significant changes in reflectance in this wavelength range. Therefore, the selection
of this feature may have reflected the impacts of disease on leaf physiological properties. In contrast, the
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features selected by the other models were primarily concentrated in the visible and near-infrared bands (631-
914 nm). This indicated that the primary spectral responses of rice BLB were in the photosynthetic pigment
absorption region and the sensitive region of cell structure. In the 631-680 nm range, the degradation of
chlorophyll induced by the disease weakened the absorption of red light by the photosynthetic pigments.
This led to an increase in reflectance. Therefore, the sensitive features in this region effectively captured the
changes in pigment caused by the disease. In the 700-800 nm red-edge region, the reflectance of the healthy
vegetation typically rapidly increased. The disease suppressed cellular activity and the integrity of leaf internal
structures. However, it led to a shift in the red-edge position and a decrease in reflectance. This made it an
important indicator to distinguish the severity of disease. The 800-914 nm near-infrared plateau region was
highly sensitive to changes in the plant cell structure. These changes were apparent because the collapse of
cells and damage to leaf tissue caused by the disease led to a significant reduction in reflectance. This made
it a key reflectance region to recognize disease and assess its severity.

The differences in decomposition scales and feature bands of different wavelet basis functions reflected
the varying ability of each base function to analyze sensitive regions of the spectral signal. Table 2 summarizes
the optimal model feature parameters corresponding to each wavelet basis function under a 1% sensitivity
region retention ratio. The Gaussian2 and Mexican Hat wavelet basis functions, with their feature distribu-
tions at lower scales (2-6), were more suitable for capturing the details of changes in the local spectral detail.
In contrast, the Morlet and Meyer wavelet basis functions, which were more effective at extracting at higher
scales (6-8), could effectively analyze the overall changes in the spectral profile caused by the disease. In
particular, the Meyer base function extracted features in the shortwave infrared region. This ability further
expanded the spectral sensitivity range for monitoring disease. Therefore, combining the base functions with
different time-frequency distribution characteristics and multi-band feature analysis can reveal the multi-
scale and multi-mechanism effects of rice BLB on the characteristics of the leaf spectra. Thus, this method
improved the accuracy and applicability of the disease monitoring models.

Table 2: Optimal model feature parameters for different wavelet basis functions at a 1% sensitivity region retention ratio

Wavelet basis function Optimal model NF Scale Wavelength (nm)

719
754
772
891
914
718
754
776
855
895
631
672
721
769
807
735
804

W

Gaussian2 Naive Bayes 5

Mexican Hat RF 5

Morlet RF 5

N OO AN NN N0 U RN U YW

Meyer RF 6

(Continued)
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Table 2 (continued)

Wavelet basis function Optimal model NF Scale Wavelength (nm)
6 820
7 854
8 880
8 1205

As shown in Fig. 7, we further visualized the transformation features of the optimal Meyer wavelet basis
function at representative scales and wavelength locations and directly compared them with the original
reflectance spectra of healthy, mildly, and severely infected samples. The comparison clearly demonstrates
how wavelet transformation captures the spectral variations induced by disease that may not be evident in
the raw spectral curves. In particular, broad-scale features reflect the global structural changes in the spectral
profiles, while narrow-scale features highlight subtle disturbances in specific ranges of wavelengths. This
enables a comprehensive characterization of the spectral response across different levels of severity. These
results reinforce the rationale for employing CWPA to detect hyperspectral diseases by integrating both fine-
and broad-scale information to improve the robustness and interpretability of the model.

0.6

Healthy
—--=Mild

—-— Severe

Spectral reflectane

Wavelength (nm)

350 550 750 950 1150 1350 1550 1750 1950 2150 2350

Figure 7: Comparison of the Optimal Wavelet Basis Function Features and Raw Reflectance Spectra across Scales and
Wavelengths. The dashed line indicates the mother wavelet at a specific location and scale

To further evaluate the Meyer-RF model performance to monitor BLB in rice, Table 3 shows the
confusion matrix and various accuracy evaluation metrics on three types of samples: Healthy, Mild, and
Severe. The Meyer-RF model achieved an overall accuracy (OA) of 93.75% across 80 samples. This indicated
that the model could effectively distinguish between different levels of severity of rice BLB and was highly
stable and applicable. The Kappa coeflicient of the model was 0.91, which indicated that it was highly con-
sistent between the classification results and the actual conditions. There was minimal impact from random
classification factors. Further observation of the classification results showed that the model performed best
when identifying severe samples, with a producer’s accuracy of 100.0%, and it had a discrimination accuracy
of 93.75% for healthy samples. However, the model’s recognition of mild samples was relatively poor, with
a producer’s accuracy of only 88.57%. The main classification confusion occurred when mild samples were
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misclassified as severe samples. This misclassification may have been owing to the overlap of spectral features
between mild and severe diseases, the limited ability of wavelet feature extraction to capture subtle changes,
and class imbalances in the training data. Future efforts should combine multi-scale feature extraction and
improved classification models to enhance the model’s ability to recognize mild diseases, thereby improving
the precision and robustness of analyzing disease.

Table 3: Confusion matrix and accuracy parameters of the RF classification model based on meyer wavelet function

Reference Uk a. (%) OA (%) Kappa Commission error (%)
Healthy Mild Severe Sum
Healthy 15 1 0 16 93.75 93.75 0.91 6.25
Mild 1 31 0 32 96.88 3.13
Severe 0 3 29 32 90.63 9.38
Sum 16 35 29 80
P’s a. (%) 93.75 88.57 100.00

Omission error (%) 6.25 1143 0

Using CWA, the sensitivity spectra generated by the four wavelet functions demonstrated a high degree
of consistency in terms of spectral bands and feature extraction. This similarity may have been related to
the closeness in shape of the wavelet functions themselves. For instance, the Gaussian2 and Mexican Hat
wavelet functions have similar shapes. They also had similar features in their sensitivity spectra regarding the
characteristic bands and intensity distributions. This phenomenon was not only confirmed by the analytical
results but also provided important insights to select the decompositions of wavelets in practical applications.
After analyzing the sensitivity spectra of wavelet functions, it was possible to capture the local features of
the spectral signals more accurately, thereby enhancing the efficiency and precision of the extraction of
spectral information. Based on the sensitive feature parameters selected from the four wavelet functions,
the RF algorithm outperformed the NB and KNN models in monitoring BLB in rice. This indicated that
RF was more adaptable and robust when handling high-dimensional, complex spectral data. Moreover, the
proper control of NFs was crucial for the performance of the model. Too many redundant features not only
increased the model complexity but could also have led to the model to overfit, which degraded its accuracy.
The Meyer wavelet function showed a good balance in feature selection, effectively compressing feature
dimensions while ensuring high model accuracy (up to 93.75%). This further demonstrated its superiority
and applicability in the monitoring of rice BLB.

3.3 Feature Selection and Model Evaluation Based on Continuous Wavelet Projection Algorithm (CWPA)

Unlike traditional CWA, the CWPA performed simultaneous disease-sensitive feature selection and
optimal model construction. Fig. 8 shows the overall accuracy curves of the models with varying numbers
of features based on CWPA analysis using four different wavelet functions. For all four wavelet functions,
the KNN, RF, and NB models were relatively highly accurate with very few features (NF = 1). The accuracy
quickly decreased and then gradually stabilized as the NF increased. However, in some cases with more
features, the model accuracy approached or exceeded the accuracy obtained with NF = 1. For example, in
the RF model based on the Mexican Hat wavelet function, when the NF was 43, the model accuracy was
92.5%. This was higher than the accuracy at NF = 1. However, an excessive NF significantly reduced the
model’s computational efficiency. Considering both accuracy and efficiency, wavelet features at NF = 1 were
preferentially selected for further analysis.
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Figure 8: Model accuracy curves for different wavelet functions in CWPA

Analysis of the CWPA model under different wavelet functions showed that there were significant
differences in the results of classification (Table 4). This was despite the fact that only one sensitive feature
was selected for each wavelet function and was primarily distributed at decomposition scales 4, 6, and
7 with the central wavelengths concentrated in the 771-853 nm band. In particular, the Meyer wavelet
function performed the best across all the classification models, particularly in the Meyer-KNN and Meyer-
NB combinations. When NF =1 (decomposition scale 7, wavelength 853 nm), the model accuracy reached
93.75%, and the Kappa coefficient was 0.90. This was significantly higher than the other wavelet functions.
The Gaussian2 and Mexican Hat wavelet functions performed second best, with their sensitive features
located at decomposition scale 4. This corresponded to wavelengths of 771 nm and 776 nm, respectively, and
the model accuracies ranged from 87.50% to 91.25%, respectively. The Morlet wavelet function performed
the worst, with its sensitive features located at decomposition scale 6. These corresponded to wavelengths of
797 nm (RF) and 803 nm (KNN, NB), and the model accuracy did not exceed 90%. These results suggest
that the Meyer wavelet function, owing to its high sensitivity to changes in the shape of spectra, was able to
more accurately capture the spectral features when the rice was stressed by BLB stress. This made it the ideal
wavelet function for the CWPA analysis. Notably, the key band at 853 nm lies in the near-infrared plateau
region, which is highly responsive to changes in the internal structure and water status of leaves. Infection
by BLB disrupts the mesophyll integrity and reduces turgor, which leads to decreased reflectance in this
region [36,37]. This supports the physiological relevance of 850 nm as a sensitive indicator of BLB stress.
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Table 4: Feature parameters selected by CWPA based on different wavelet functions and model results

Wavelet basis function Modeling methodology NF Scale Optimal featureband OA  Kappa

RF 1 4 771 91.25% 0.86

Gaussian2 KNN 1 4 771 87.50%  0.80
Naive Bayes 1 4 771 90.00% 0.84

RF 1 4 776 88.75%  0.82

Mexican Hat KNN 1 4 776 90.00% 0.84
Naive Bayes 1 4 776 91.25% 0.86

RF 1 6 797 8750%  0.80

Morlet KNN 1 6 803 88.75%  0.82
Naive Bayes 1 6 803 88.75%  0.82

RF 1 7 853 91.25%  0.86

Meyer KNN 1 7 853 93.75%  0.90
Naive Bayes 1 7 853 93.75%  0.90

Compared to the CWA method, the CWPA method effectively compressed the feature dimension while
retaining key information. It significantly reduced the NF by constructing a feature set with the lowest
information redundancy through continuous projection algorithms and evaluating the contribution of each
feature to the overall feature set. In this study, the CWPA method still had a highly accurate model even
when selecting only one sensitive feature. This further validated its effectiveness and advantages in feature
selection. Additionally, the selected sensitive features were all concentrated in the 771-853 nm near-infrared
region. This indicates that this band was closely related to changes in the structure and physiology of that
canopy that were caused by rice BLB. These changes significantly impacted the characteristics of spectral
reflectance. Future research could explore the spectral mechanisms of disease occurrence and development
in this key band and its potential in remote sensing monitoring applications.

3.4 Comparison of the Performance of Two Wavelet Spectral Analysis Models

The performance comparison between CWA and CWPA models constructed using different wavelet
functions (Gaussian2, Mexican Hat, Morlet, and Meyer) is shown in Tables | and 4. The results indicated
that the performance of wavelet function under both the CWA and CWPA frameworks was generally
consistent. However, there were differences in terms of NF and accuracy of the model. First, the Meyer
wavelet function performed the best in terms of the impact of different wavelet functions on the performance
of the model. Under both CWA and CWPA, the Meyer-RE, Meyer-KNN, and Meyer-NB combinations all
achieved model accuracies >90%, and the highest level of accuracy was 93.75%. The Kappa coefficients
>0.86, which indicated that they were highly stable and able to generalize. In contrast, the Morlet wavelet
function performed the worst, with levels of model accuracy that ranged from 85.0% to 88.75% and a Kappa
coefficient <0.82. This indicated that it was not able to characterize spectral features or effectively capture
the spectral changes induced by diseases. Next, in terms of the differences between CWA and CWPA model
performance, CWPA had significant advantages in feature optimization and computational efficiency when
there was a similar model accuracy. Although CWA could extract more spectral features (three to seven), the
issue of feature redundancy was evident. This led to increased computational complexity and limited model
performance. In contrast, CWPA, by introducing the SPA, compressed the NF to 1. This change significantly
improved the efficiency of computation while ensuring the integrity of spectral information. For example,
in the case of the Meyer wavelet function, the Meyer-KNN and Meyer-NB combinations in CWPA were
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highly accurate (OA = 93.75%) that was similar to CWA. However, with only one feature, it significantly
reducing the model’s complexity and enhancing practicality. Further, from an algorithmic mechanism and
applicability perspective, CWA adopted a full-scale feature extraction strategy that increased the feature
redundancy and noise interference. This particularly limited the response speed of the model in field-based
real-time monitoring. In contrast, CWPA integrated innovative feature selection into the process of wavelet
transformation. This led to the optimal projection of spectral information. It not only retained disease-
sensitive information but also effectively compressed the feature dimension, thus, improving computational
efficiency. The combination of the Meyer wavelet function and CWPA exhibited excellent performance by
balancing both high-precision monitoring and feature simplification. This can offer technical support for the
development of lightweight, real-time disease monitoring systems. Overall, a comparison of the CWA and
CWPA models revealed that CWPA could compress the feature dimension to the optimal level (NF =1) while
maintaining the accuracy of model. This significantly reduced the complexity of computation. The synergistic
effect of the Meyer wavelet function and CWPA was the most notable. It was highly accurate and efficient
with single-feature modeling. This work further studied the influence of different wavelet basis functions
and the integration of CWPA with various machine learning models to identify the optimal strategy for BLB
monitoring. Thus, it supports the development of a new technological pathway for hyperspectral crop disease
monitoring that enables rapid and real-time identification and assessment of disease.

3.5 Comparison with Other Spectral Analytical Methods

The comparative results of model performance using VI-, PCA-, CWA-, and CWPA-based methods
are summarized in Table 5. In terms of classification accuracy, the CWPA method out-performed both the
VI and PCA approaches in overall accuracy (OA) and Kappa coefficient. For instance, use of the KNN
classifier revealed that the CWPA-based model achieved an OA of 93.75% and a Kappa coefficient of 0.90,
which were significantly higher than those of the VI-based method (OA = 83.33%, Kappa = 0.76) and the
PCA-based method (OA = 81.25%, Kappa = 0.74). Moreover, CWPA achieved similar or superior accuracy
using only one selected feature, whereas the VI and PCA approaches required five vegetation indices and
the first three principal components, respectively. This indicated that CWPA substantially reduced the
complexity of this model. In terms of computational efficiency, the CWPA effectively reduced the training
time by minimizing the feature dimensionality. Thus, CWPA is suitable for high-frequency data processing
and real-time field monitoring. In contrast, the VI- and PCA-based methods were limited in their feature
compression capabilities and less effective at preserving disease-sensitive spectral information. Their use
resulted in inferior generalization and robustness. Compared with these traditional approaches, CWPA
leverages continuous wavelet transform (CW'T) for multiscale spectral decomposition, which captures both
global trends and local fluctuations in the spectral signal. When combined with the successive projections
algorithm (SPA), CWPA can further optimize the selection of disease-sensitive features by offering superior
noise suppression and feature compression. Furthermore, CWPA was highly adaptable and robust when
integrated with different wavelet basis functions, such as Meyer and Mexican Hat, and classifiers. This further
improved its practicality and potential for broader application. Based on the empirical findings of this
study, CWPA was superior overall at detecting rice bacterial leaf blight, a disease known to produce distinct
spectral responses.
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Table 5: Comparison of model performance using VI-, PCA-, CWA-, and CWPA-based methods

Method RF KNN NB
OA Kappa OA Kappa OA Kappa
CWA 93.75% 0.90 91.25% 0.86 91.25% 0.86
CWPA 91.25% 0.86 93.75% 0.90 93.75% 0.90
VI 81.25% 0.75 83.33% 0.78 83.33% 0.78
PCA 81.25% 0.75 81.25% 0.75 83.33% 0.78

Note: Both CWA and CWPA employ the Meyer wavelet basis function. The selected vegetation indices (VIs) used
as features include SIPI, NPCI, TVI, PRI, and DSSI2. Principal Component Analysis (PCA), retaining the first three
principal components, preserves 95% of the total variance.

4 Conclusions

This study evaluated the differences in performance between CWA and CWPA to monitor BLB
disease in rice. It explored the relationship between different wavelet functions, feature extraction methods,
and model accuracy. The main conclusions were as follows: (1) CWA Model Effectiveness and Feature
Redundancy: The CWA model effectively interpreted the spectral response to diseases but suffered from
feature redundancy that impacted its efficiency. Through multi-scale feature extraction, CWA revealed the
spectral changes caused by rice BLB, particularly when combined with the Meyer wavelet function and the
RF classifier. The overall accuracy ranged from 91.25% to 93.75%. This significantly outperformed the other
wavelet functions. However, the model relied on six features extracted from the 763-941 nm range across
6-8 scales, which causes feature redundancy, reduces the computational efficiency and limits the model’s
real-time monitoring capacity for large-scale disease monitoring. (2) CWPA Model Optimized Feature
Dimension for High Precision and Efficiency: The CWPA model balanced high precision and efficiency
by optimizing the feature dimension. By combining the SPA, CWPA reduced the feature dimension, using
only a single feature at scale 7 (853 nm). This achieved 93.75% OA in both the KNN and NB classifiers.
This significant reduction in computational complexity addressed the feature redundancy problem in CWA.
Thus, CWPA is suitable for real-time field monitoring and large-scale data processing. (3) CWPA Overcame
the Efficiency Bottleneck While Ensuring High Precision: A comparative analysis revealed that the CWA
model faced significant feature redundancy (NF = 6), whereas the CWPA model combined spectral feature
extraction from CWA with the feature selection mechanism of SPA. This resulted in a compressed feature
dimension (NF = 1) and maintained the model accuracy while significantly enhancing the computational
efficiency and breaking through the efficiency bottleneck of traditional models. Both the CWA and CWPA
models highlighted the spectral response characteristics of the 623-925 nm visible and near-infrared bands
for rice BLB. This demonstrated their diagnostic value to identify disease and assess its severity. Notably, the
Meyer wavelet function, with its excellent time-frequency localization, was highly versatile at interpreting
spectral-space features. It provides theoretical support and technical pathways for the mechanistic analysis
and precise monitoring of rice BLB.

In conclusion, the CWPA model outperformed the traditional CWA model in terms of disease feature
extraction, computational efficiency, and monitoring accuracy. This was particularly true for hyperspectral
real-time monitoring and the construction of lightweight disease detection systems. This study offers new
insights and empirical evidence for the application of the CWPA algorithm in disease monitoring and feature
selection. Future research could explore the following areas: (1) optimizing the CWPA algorithm to enhance
its robustness in complex backgrounds and integrating real-time remote sensing data for efficient online
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monitoring; (2) expanding multi-disease monitoring to apply the model in the precise management and
control of multiple crop diseases; and (3) integrating multi-source remote sensing data with deep learning
technologies to build more comprehensive disease detection models, improving the intelligent level of multi-
scale, multi-dimensional disease monitoring. This study provides theoretical support and a technical pathway
for the application of hyperspectral remote sensing in agricultural disease monitoring, with significant
practical value in the monitoring and control of crop diseases.
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Appendix A
Table Al: Summary of vegetation index
Vegetation Index Description Literatures
Greenness Index (GI) Rs54/Re77 [38]
Normalized Difference Vegetation Index (Rnir — Rr)/(Rair + Rr) [39]
(NDVI)
Triangular Vegetation Index (TVI) 0.5 * [120 * (Ry50 — Rss9) — 200 * (Rg70 [40]
— Rss0)]
41
Photochemical Reﬂectance Index (PRI) (R570—R531)/(R570 + R531) [[47]]

(|(a670 + Rgyo + b)|/(a + 1)1'?)

Chlorophyll absorption ratio index (CARI) + (Rooo/Rero) [43]
a = (Ryoo — Rs50)/150, b = Rs50 —
(a * 550)

Red-edge Vegetation Stress Index (RVSI) [(Ry12 + Ry52)/2] — Ry3, [44]
Structural Independent Pigment Index (SIPI) (Rgoo — Ruas)/(Rgoo + Reso) [45]
Normalized Pigment Chlorophyll ratio Index (Reso — Ry30)/(Rsgo + Ruzp) [45]

(NPCI)
Water Index (WI) R900/R970 [42]
Normalized Difference Water Index (NDWI) (R860 - R1240)/(R360 + R1240) [—L()]

(Continued)
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Table Al (continued)

Vegetation Index Description Literatures
Aphid Index (AI) (R740 — Rsg7)/(Reo1 — Reog) [47]
Damage Sensitive Spectral Index2 (DSSI2) (R747 — Rog1 — Rs37 — Rs72)/(Ryyy — [48]

Roo1 + Rs37 — Rs72)
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