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During the growth season, jujube trees are susceptible to infestation by the leaf mite, which reduces the fruit quality and productivity. Traditional monitoring techniques for mites are time-consuming, difficult, subjective, and result in a time lag. In this study, the method based on a particle swarm optimization (PSO) algorithm extreme learning machine for estimation of leaf chlorophyll content (SPAD) under leaf mite infestation in jujube was proposed. Initially, image data and SPAD values for jujube orchards under four severities of leaf mite infestation were collected for analysis. Six vegetation indices and SPAD value were chosen for correlation analysis to establish the estimation model for SPAD and the vegetation indices. To address the influence of colinearity between spectral bands, the feature band with the highest correlation coefficient was retrieved first using the successive projection algorithm. In the modeling process, the PSO correlation coefficient was initialized with the convergent optimal approximation of the fitness function value; the root mean square error (RMSE) of the predicted and measured values was derived as an indicator of PSO goodness-of-fit to solve the problems of ELM model weights, threshold randomness, and uncertainty of network parameters; and finally, an iterative update method was used to determine the particle fitness value to optimize the minimum error or iteration number. The results reflected that significant differences were observed in the spectral reflectance of the jujube canopy corresponding with the severity of leaf mite infestation, and the infestation severity was negatively correlated with the SPAD value of jujube leaves. The selected vegetation indices NDVI, RVI, PhRI, and MCARI were positively correlated with SPAD, whereas TCARI and GI were negatively correlated with SPAD. The accuracy of the optimized PSO-ELM model (R2 = 0.856, RMSE = 0.796) was superior to that of the ELM model alone (R2 = 0.748, RMSE = 1.689). The PSO-ELM model for remote sensing estimation of relative leaf chlorophyll content of jujube shows high fault tolerance and improved data-processing efficiency. The results provide a reference for the utility of UAV remote sensing for monitoring leaf mite infestation of jujube.
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Introduction

The jujube tree (Zizyphus jujuba), which plays a significant role in the ecological and economic development of the Xinjiang oasis, is a key component of agricultural growth in southern Xinjiang. One of the primary pests that endanger the health of jujube is the leaf mite (Tetranychus truncatus Ehara), and when it infests the jujube during the growth season, it can lower the quality of the jujube by more than 35%. Therefore, efficient pest control and early detection are crucial for jujube orchard management.

Remote sensing monitoring using low-altitude unmanned aerial vehicles (UAVs), such as UAVs equipped with multispectral and hyperspectral cameras, addresses the above issues. In addition to low-altitude UAVs, measurements using satellites are also available for remote sensing to monitor the growth of crop plants. In recent years, agricultural pest and disease monitoring has increasingly utilized remote sensing monitoring technology (Adao et al., 2017; Bai et al., 2020; Jiang et al., 2021). With its rapid, real-time, large-area, and non-destructive qualities, the technology has demonstrated benefits that cannot be matched by standard pest and disease monitoring approaches. Large-scale monitoring of crops, including crop area, pest and early warning, and growth conditions, may be accomplished by satellite remote sensing (Bai et al., 2019). However, throughout the imaging process, satellite remote sensing optical images are frequently influenced by inclement weather such as clouds, rain, and fog. Compared with satellite remote sensing, UAV remote sensing platforms have the characteristics of low operating cost, high flexibility, and fast data acquisition in real time, which is a unique advantage in the field of crop pest and disease detection. As an essential component of low-altitude remote sensing (Zhang et al., 2021), UAV remote sensing platforms have unique advantages for crop pest and disease monitoring, which considerably expands the scope of remote sensing use in crop monitoring (Dehkordi et al., 2020; Xu et al., 2022). Satellite remote sensing is primarily used for monitoring broad areas, but it cannot provide images with sufficient spatial resolution and the images are susceptible to weather conditions (Bendig et al., 2015; You et al., 2022). In addition, the progressive improvement of UAV technology has made feasible its combination with hyperspectral and multispectral technology for agricultural disease monitoring, providing a reference for accurate crop disease monitoring and to guide remedial management (Adao et al., 2017; Li et al., 2021). For instance, UAV hyperspectral remote sensing can monitor a broad area with high precision, efficiency, and continuity, and accomplish the fusion of UAV multisource remote sensing imagery and target extraction. In previous studies (Liu et al., 2020), UAV hyperspectral remote sensing has been utilized to perform pertinent research on a variety of agricultural diseases, such as citrus Huanglongbing (Garcia-Ruiz et al., 2013; Deng X.L. et al., 2020), wheat yellow rust (Dehkordi et al., 2020; Guo et al., 2021), and pine wilt disease (Deng X. et al., 2020; Qin et al., 2021; Xia et al., 2021), etc.

UAV hyperspectral remote sensing facilitates information extraction in image and spectral dimensions, and is frequently employed for monitoring agricultural growth conditions, and pest and disease stress in the field. Photosynthesis is an essential reference for evaluation of plant development (Hunt et al., 2013, Sun Q. et al., 2021), and chlorophyll content is an indication of plant photosynthetic capacity; hence, chlorophyll content can effectively reflect the growth status of a crop (Ji et al., 2021; Kaivosoja et al., 2021; Lei et al., 2021). The variation of the chlorophyll content of crops is important for monitoring the growth of crops. On the one hand, chlorophyll content absorption reflects the strength of photosynthesis, the growth stage and health status of crops; on the other hand, pests and diseases also directly affect the chlorophyll content of plants. Therefore, monitoring chlorophyll content effectively reflects the growth condition of crops. Variations in grayscale values on hyperspectral scanning recordings are caused on a broad scale when the crop is damaged by pests or disease, resulting in considerable variances in spatial, spectral, and temporal phases (Liu et al., 2017; Ahmad et al., 2018). The introduction of fused hyperspectral data and chlorophyll feature content approaches by analyzing local spectral differences of crops may also enhance remote sensing research on the monitoring of pests and diseases (Vanegas et al., 2018). It may be used for monitoring vegetation production, controlling crop resources, and monitoring pests and diseases by calculating the chlorophyll content of the crop canopy. Consequently (Wang et al., 2015), monitoring of crop chlorophyll content indicators might assist in reflecting the severity or incidence of agricultural pests and diseases to a certain extent.

A key biochemical indicator of crop development is chlorophyll content, and when jujube trees are infected with leaf mites, the amount of chlorophyll varies according to the degree of the disease. Hyperspectral has rich spectral information, which provides the possibility for the construction of chlorophyll inversion models. The severity of leaf mite infestation was correlated with chlorophyll content, which can be indirectly reflected by measuring the chlorophyll content of jujube. The majority of current research on crop chlorophyll inversion with hyperspectral data is based on statistical regression models, which may be broadly classified into two types: vegetation index models and direct spectrum models. In the vegetation index models, the hyperspectral data are first utilized to generate several vegetation indices (Sun Q. et al., 2021), which are then used to develop numerous linear or nonlinear regression methods to produce an inversion model between these indices and chlorophyll content in the vegetation index models (Guo et al., 2021; Ji et al., 2021; Sun J. et al., 2021). It is easy to build the inversion model using vegetation indices, but a single vegetation index cannot adequately characterize the entire hyperspectral information. The direct spectrum models rely on the modeling of the entire hyperspectral bands, which is usually a high-dimension vector. Using the whole hyperspectral band directly may result in excessive model complexity or model overfitting. Dimension reduction approaches like as principal component analysis (PCA) or partial least squares (PLS) may assist in addressing this issue in part.

Most of the current research on the relationship between hyperspectral data and chlorophyll content focuses on the changes in chlorophyll content of crops under different nutrient stresses and different growth periods, while the hyperspectral inversion research on chlorophyll content of crops infected by diseases and insect pests is relatively less. The main performance is that the research pays more attention to the spectral characteristics of crop diseases and less attention to the physiological and biochemical changes in plants caused by diseases and insect pests. In addition, the research on crop diseases and insect pests using remote sensing technology is mostly aimed at grain crops such as wheat and rice, as well as economic crops such as cotton, soybean, and rapeseed, which pay less attention to pests and diseases of jujube plants.

Therefore, the aim of this study was to estimate SPAD values for leaf mite infestation of jujube based on UAV hyperspectral images. The estimation performance of the model based on VIs and selected feature bands was also analyzed. The relationship between the degree of leaf mite infestation and canopy leaf SPAD values was investigated based on the best estimates of SPAD values obtained. More specifically, the following points were noted in our study:

(1) Based on the experimental data, the correlation between the hyperspectral characteristic parameters of the jujube canopy and chlorophyll content was analyzed.

(2) Establishment of jujube SPAD estimation model under stress of leaf mite based on VI alone by using a linear regression model.

(3) To improve the accuracy of the inversion of the chlorophyll content of jujube infested with leaf mites. A proposed method employs a successive projection algorithm (SPA) to extract the characteristic bands from the high-dimensional hyperspectral vector, reducing model complexity and avoiding model overfitting. With the extracted characteristic bands as input, by building a PSO-ELM inversion model for the chlorophyll content of jujube.



Materials and methods


Study areas

The 224th regiment, the study area selected for this experiment, is located north of National Highway 315 at the crossroads of Pishan County and Moyu County in Hotan Region, on the southern edge of the Great Taklamakan Desert in Xinjiang, China (Li et al., 2021). The total land area is 234,751 km2 and the terrain slopes from the southwest to the northeast. Jujube predominates in the study area, which comprises a planting area of 74,057 ha, a sizable landmass, an abundance of light and heat resources, drought, low rainfall, high evaporation, low relative humidity, and significant diurnal temperature differences—all of which are unique natural conditions that have aided the explosive growth of the jujube industry in Xinjiang. The 14th division’s 224th regiment began planting jujube in 2003, according to investigations by the Xinjiang Production and Construction Corps. jujube orchards have expanded by more than 90 km2 since approximately 2019, and constitute 72% of all arable land and 83% of all orchard land (Liu et al., 2015).

At the three designated study areas, a total of 90 sample survey sites were selected, where communities of healthy jujube plants and plants infested with leaf mites were clearly separated. Taking into consideration the features of pest infestation and the distinguishability of remote sensing images, the infestation severity was divided into four classes: healthy, mild damage, moderate damage, and severe damage. Based on an investigation of the effects of environmental changes on leaf mite infestation of jujube trees in Xinjiang, it was determined that the peak incidence of leaf mites occurs annually from June to August (Zhang et al., 2013; Li H. et al., 2020). By clustering, leaf mites mostly suck sap on the underside of leaves, causing grayish white or yellowish fine patches on the leaves, decreasing the leaf chlorophyll content, and impairing the development and growth of jujube plants. In light of this, the present experiment chose the aforementioned period to conduct the research and employed an UAV-mounted hyperspectral sensor and ground acquisition for data collection in the field trial. The study area shown in Figure 1.

[image: Figure 1]

FIGURE 1
 Study area. (A) Xinjiang Uygur Autonomous Region; (B) Hotan area; (C) 224th regiment; (D) and (E) Image of the study area.




Data acquisition


UAV hyperspectral remote sensing image acquisition and data processing

The experiment employed a M600Pro UAV (Shenzhen DJI, Shenzhen, China) equipped with a hyperspectral camera (Rikola, Oulu, Finland) and the SPAD-502Plus (Konica Minolta, Osaka, Japan). Supplementary Figure 1 depicts the experimental instruments and the scene diagrams. The acquisition period ranged from 11:00 to 15:00 (the sun altitude angle was >45°) under bright, clear, or partially overcast conditions. In anticipation of flight photography, radiation correction was conducted on the hyperspectral camera. Four 50 cm × 50 cm diffuse reflectance gray plates (reflections of 3%, 22%, 48%, and 64%, respectively.) were placed on a level surface in the test location, and the surface of the calibration plate was devoid of interfering objects and shadows. In accordance with the features of the hyperspectral imagers provided by Rikola, system correction and post-processing correction were conducted on the hyperspectral images after image acquisition was completed.


Correcting the system

In the course of capturing hyperspectral images, the UAV platform creates inevitable systematic inaccuracies owing to the instrument’s inherent constraints and the measurement technique, which must be addressed. Radiation calibration, dark current correction, and lens vignetting correction are the primary components.

The feature information of the original jujube tree orchard hyperspectral image was expressed as the digital number (DN). However, because the systematic error DN cannot accurately reflect the spectral characteristics of the feature, the DN of the original image must be converted to the feature reflectance using the information for the calibration plate representing the specific reflectance obtained at the same time as the experiment, as shown in Equation (1).

[image: image]

where[image: image]and [image: image] are the reflectance and DN of the original image target element, [image: image] and [image: image]are the reflectance of different calibration plates, and [image: image] and [image: image] denote the DN value of different calibration plates, respectively.



Post-processing refinement

In this work, the UAV images were captured using frame-wide imaging. Owing to the imaging principle and environment, there are small changes in position and attitude between the bands, resulting in hyperspectral cube bands that do not totally overlap. The flight time of the UAV is ~20–30 min, and the radiation brightness gradient difference between different bands will be affected by the change of solar illumination conditions, resulting in inhomogeneous color and DN. The irradiance can be effectively corrected to the normal level using Equations (2), (3).

[image: image]
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where[image: image]is the irradiance consistency corrected image; [image: image]is the jth original image; [image: image] is the jth image multiplicative correction factor; [image: image] is the irradiance value recorded for the jth image; and [image: image] is the irradiance value of the reference image.

The UAV flew at a height of 60 m, at a speed of 5 m s−1, with overlap and side overlap of the images of 75%, a baseline distance of 25.9 m, a route spacing of 34.5 m. The Agisoft PhotoScan program was used to import photographs and the position and orientation system data, define the coordinate system, align the images, produce point clouds, grids, and textures, construct a digital elevation model, and produce orthophotos. The stitched orthophoto was geometrically corrected using GPS point data collected in the field to reduce the accuracy between the hyperspectral image features and the actual feature positions. The projection coordinate system was set to the Universal Transverse Mercator and the final correction error was controlled within 0.5 m. Within 0.5 m is the ultimate correcting error. Even after radiation correction, a variety of random disturbances remain in the picture reflectance, including impulse noise and Gaussian noise. Using Savitzky–Golay filtering, the spectral curve was considered to be polished, ensuring that the noise was efficiently smoothed with the same form and width as the signal.





Measurement of SPAD at ground sampling points

The collection environment is shown in Supplementary Figure 2. A handheld chlorophyll absorbance meter, the SPAD-502Plus, was used to estimate the chlorophyll content of leaves swiftly and non-destructively. On the same day as the UAV flight, the SPAD properties of jujube trees were assessed. The field sampling points were arranged in the shape of a ‘S’, each of the three chosen blocks comprised 30 sampling points. Four classes of jujube trees were selected with the same spatial distribution. Thus, 90 sets of samples were gathered, consisting of a total of 1,200 samples. Following the sample allocation concept, 20 of the 90 groups of samples were utilized as test samples, while the measured SPAD values of the remaining 70 groups were randomly chosen as modeling samples. To minimize sampling error, canopy leaves of comparable size, color, and shape were chosen for the sampling procedure (Han et al., 2021). The measurements were performed at the leaf tip, center, and base, and the mean value was used to represent the leaf’s SPAD characteristic parameter.



Classification of plant pest severity

This study was carried out in experimental plots with leaf mite occurrence in the field, and field leaf mite surveys were conducted by hand to collect samples. At the time of sampling, the degree of leaf damage and the latitude and longitude information of the sampling site were recorded based on GPS positioning, the 90 sample points were sited evenly throughout the jujube tree planting area. According to the Code of Practice of Prevention and Control Techniques for Pests and Diseases of Jujube (National Standard of the People’s Republic China), the severity levels of jujube tree mite infestation was divided into four classes in Supplementary Table 1. Healthy leaves were assigned a value of I, mild damage a value of II, moderate damage a value of III, and severe damage a value of IV. The four categories leaves are shown in Figure 2.

[image: Figure 2]

FIGURE 2
 Different degrees of leaf mite infestation in jujube severity.




Vegetation index

A vegetation index may be subdivided into several vegetation index parameters based on various monitoring and computation methodologies (Torres-Sanchez et al., 2014; Liu et al., 2020; Ji et al., 2021). A vegetation index incorporates linear or nonlinear combinations of reflectance in distinct spectral bands to produce correlated spectral signals so as to simplify the spectral information and enhance vegetation-related features. For identification of agricultural pests and diseases, the visible red band, which is highly absorptive in green plants, and the near-infrared band, which is highly reflective and transmissive in green plants, are often selected. The spectral response of these two bands to the same biophysical phenomena provides a strong contrast that changes with the leaf canopy structure and coverage; hence, their ratio, difference, or linear combination may be utilized to augment or disclose the implicit vegetation information (Lei et al., 2021). In the present study, the normalized difference vegetation index (NDVI), ratio vegetation index (RVI), physiological reflex vegetation index (PhRI), modified chlorophyll absorption ratio index (MCARI), transformed chlorophyll absorption ratio index (TCARI), and green index (GI) were chosen. Information on the vegetation indices is presented in Table 1.



TABLE 1 Vegetation index information.
[image: Table1]



Statistical analysis

Regarding the accuracy of the parameter estimates, the coefficient of determination (R2) and root mean square error (RMSE) were employed to assess the model accuracy. The R2 value represents the degree of fit, whereas RMSE measures the accuracy of data measurement. In general, it is believed that the closer the R2 value is to 1, the better it indicates a strong goodness of fit, and conversely, a low value indicates a poor goodness of fit. The smaller the RMSE, the better it indicates a small error, whereas a high value indicates the inaccuracy is large. The calculation of these statistics is shown in Equations (4), (5):
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where [image: image] denotes the number of samples for estimation or validation of the model; [image: image], [image: image],[image: image], and [image: image] denote: measured value, measured mean value, estimated value, and estimated mean value, respectively.




Results


Characteristics of SPAD variation

From 90 sample points, a total of 1,200 ground SPAD values were obtained, Table 2 summarizes the statistical properties of the sampled data. The modeling sample and the validation sample differed except for the data samples. The variation range of SPAD values for the modeling set of samples was 20.80–66.90, the mean was 46.21, and the coefficient of variation was 21.01%. The variation range of SPAD values for the validation set of samples was 21.50–67.50, the mean was 45.97, and the CV was 21.06%. Considering the impact of leaf mites on the leaf chlorophyll content, the CV of the SPAD values was more than 10%, suggesting that the chlorophyll content was more variable. The discrepancies between the modeling and validation sets were negligible, there were no significant differences within the modeling and validation sets (p = 0.678), as determined by an independent samples t-test. Therefore, the sample sets were appropriate for modeling and validation.



TABLE 2 Statistical characteristics of chlorophyll content.
[image: Table2]



Analysis of SPAD and spectral characteristics of jujube under infestation of leaf mite

Chlorophyll content is an indicator of the biochemical parameters of the crop and reflects the growth of the crop (Qi et al., 2021). Pest infestation causes changes in the chlorophyll content of the crop. Thus, measuring chlorophyll content reveals the health and vigor of the crop. When jujube plants are infected with leaf mites, the mean SPAD value of their canopy leaves decreases gradually with an increase in the severity of leaf mite infestation (Figure 3). The results demonstrated that the SPAD value of jujube trees was negatively associated with the severity of leaf mite infestation.

[image: Figure 3]

FIGURE 3
 Variations in SPAD values of jujube leaves for different leaf mite infestation levels.


With the more severe leaf mite infestation, the SPAD values of jujube chlorophyll content gradually decreased, thus causing changes in the spectral characteristics of the canopy of jujube, showing a trend of decreasing spectral reflectance step by step with the increase of leaf mite infestation. Figure 4 depicts the average spectral reflectance curves of jujube trees at the canopy scale under different severities of leaf mite infestation. The spectral band features of jujube plants differ notably with the severity of leaf mite infestation. Considering the phenomena of “green peaks” owing to decreased chlorophyll absorption, the spectral characteristic curves of healthy jujube trees exhibited modest reflectance peaks in the green band between 520 and 570 nm. Because of the intense absorption of chlorophyll for photosynthesis, a red wavelength absorption trough, termed a “red valley,” forms in the red wavelength range of 620–690 nm. As the chlorophyll concentration rises, so does the photosynthetic capability. The “green peak” and “red valley” in the green light spectrum progressively diminish between 680 and 750 nm. Given light scattering within the leaf, the reflectance in the near-infrared range exhibits conspicuous peaks of high reflectance, which constitute the spectrum’s largest peak and generate a highly reflective platform. The variation in spectral reflectance of leaf mite damage of jujube trees was increasingly evident with an increase in the severity of infestation, which led to a decline in chlorophyll content and severe damage to the cellular structure and tissues of the leaf.

[image: Figure 4]

FIGURE 4
 Spectral curves of jujube trees for different leaf mite damage indices.




Correlation between SPAD value and vegetation indices of jujube trees

To facilitate an understanding of the relationship between vegetation indices and the chlorophyll content of jujube, a correlation coefficient matrix map is presented in Figure 5. Positive correlations are represented by numbers greater than zero, whereas negative correlations are represented by values less than zero (Yang et al., 2021). The absolute values of the correlation coefficients between SPAD and NDVI, RVI, PhRI, MCARI, TCARI, and GI ranged from 0.64 to 0.82. The NDVI, RVI, PhRI, and MCARI were positively correlated with SPAD, whereas TCARI and GI were negatively correlated with SPAD. As can be seen in Figure 5, the six selected vegetation indices were significantly correlated with SPAD, among which the correlation coefficient between leaf SPAD value and PhRI reached a maximum of 0.82, which was higher than the correlation coefficient between SPAD value and other vegetation indices. Further, by taking SPAD of jujube leaves as the dependent variable, and using NDVI, RVI, PhRI, MCARI, TCARI, and GI as independent variables, a remote sensing estimation model for the relative chlorophyll content of jujube canopy leaves was constructed. Table 3 shows the statistical regression modeling of vegetation indices to inversion chlorophyll content. The modeling determination coefficient of the SPAD-PhRI estimation model was 0.702, which was higher than the modeling accuracy of SPAD value and other vegetation indices.

[image: Figure 5]

FIGURE 5
 Correlation analysis between SPAD and vegetation index.




TABLE 3 Correlation between SPAD values of canopy leaves and vegetation index of jujube trees.
[image: Table3]



Correlation between SPAD value and spectral reflectance

As the chlorophyll content of jujube trees infected by leaf mites will change, as illustrated in Figure 6, chosen chlorophylls significantly associated with leaf mite infection were correlated with the raw and first-order derivative spectra for the analysis. The correlation coefficients between the original spectra and the SPAD value were negative at 500–749 nm and positive above 750 nm (Figure 6A). The absolute value of the correlation between the original spectrum and the chlorophyll content is mostly between 0.5 and 0.65, and the curve changes are relatively flat. When the original spectrum is transformed by the first derivative, the correlation with the chlorophyll content of jujube leaves is significantly enhanced in some wavelength bands, among which it reaches a very significant positive correlation at 660, 685, 735, and 754 nm, and at 550, 588, 633, and 702 nm highly significant negative correlation. The maximum correlation coefficients between the first-order derivative spectra and the SPAD value were −0.75 and 0.70 at 702 and 754 nm (Figure 6B), respectively. It is evident that the chlorophyll of jujube leaves strongly affects the first-order differential spectrum under the leaf mite infestation. The curve of the correlation coefficient between the first-order derivative spectrum and chlorophyll content fluctuates obviously. Considering that the spectral derivative enhances the slight change in the slope of the spectral curve, the reason for this change is related to the biochemical absorption characteristics of crops. It can be seen that the chlorophyll of jujube trees is damaged by the infection of leaf mites, and the first derivative spectrum has a strong sensitivity to the chlorophyll content of jujube. Consequently, hyperspectral remote sensing technology may be used to quantify the chlorophyll content of jujube under the stress of leaf mite infestation.

[image: Figure 6]

FIGURE 6
 (A) Raw spectra with SPAD correlation analysis; (B) First-order derivative spectra with SPAD correlation analysis.




SPA feature band selection

Hyperspectral data are abundant in volume and wavelength information, but the correlation between wavelengths is excessively high and contains a substantial quantity of duplicated information, which poses a barrier to the storage and processing of huge amounts of data for practical applications (Liu et al., 2021). However, duplicate information in the spectral can be avoided by using a successive projection algorithm (SPA) for analysis to select the wavelengths of interest. The RMSE is calculated as the square root of the sum of the square of the departure of the observed value from the actual value divided by the number of observations and is used to assess the deviation between the observed and true values (de Sousa Fernandes et al., 2016). Given that the objective of feature wavelength extraction is to accurately categorize healthy and unhealthy plants, the fewest possible feature wavelengths should be used. In the present study, the RMSE decreased with an increase in the number of feature bands extracted (Figure 7A). The RMSE was smallest (0.451) with five feature wavelengths; the minimum RMSE value is attained when the number of bands contained in the corresponding optimal band set, which is the optimal subset of bands for the period, attains its minimum. Therefore, five characteristic wavelengths were chosen as the optimal outcome. The selected characteristic bands comprised 512.1, 628.8, 674.2, 736.6, and 773.2 nm (Figure 7B).

[image: Figure 7]

FIGURE 7
 (A) Number of the best spectral variable for sample model; (B) Selection of characteristic hyperspectral bands.




Model building and prediction

An ELM is a feed-forward neural network with a single or multiple hidden layers. Unlike in conventional neural networks with back propagation (BP), the parameters of the nodes in the hidden layers of ELM are randomly assigned and never tuned. It solves the shortcomings of classic neural networks, such as sluggish training rate, local optimum instability, and sensitivity to learning rate (Li W. et al., 2020). However, the conventional ELM architecture is considered to have drawbacks (Zhang et al., 2022), such as the unpredictability of weights and thresholds, and the uncertainty of network parameters, which make it less effective at processing data and result in overfitting phenomena that reduce the accuracy of the prediction model. To optimize the parameters, such as weights and thresholds, of the ELM model in order to increase the prediction accuracy of the model, PSO was implemented (Kaloop et al., 2019). The position and velocity of the particles were updated according to Equations (6), (7), the particle fitness value was recalculated, the individual extremes and population extremes were determined with each update, and iterations were repeated in order to conduct an optimization search in the solution space.

[image: image]
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where[image: image] is the velocity of particle [image: image] in the [image: image]th dimension in the [image: image]th iteration; [image: image] is the inertia weight, generally taken to be 0.9; [image: image] and [image: image] are learning factors; [image: image] and [image: image] are random numbers in the range [0, 1]; and [image: image] and [image: image] denote the extreme positions of particle [image: image] in the individual and the population.

In the present study, PSO was used to improve the input weights and thresholds of the ELM model, and each particle may be considered to be an ELM model for the prediction of chlorophyll content. The location information of the particles is utilized to represent the input weights and thresholds of the ELM model (as shown in Figure 8), whereas the particle dimension D and the kth particle k are represented as follows:

[image: image]
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where [image: image] and [image: image] are the number of neurons in the input and hidden layers, respectively; [image: image] and [image: image] are the input weights and hidden layer thresholds, respectively, and both are random numbers within the range [−1, 1], 1 < i < n, and 1 < j < t.

[image: Figure 8]

FIGURE 8
 Flow chart of the PSO-ELM algorithm.


The PSO-ELM employs the SPA extracted characteristic bands as the independent variable and the leaf chlorophyll content of the jujube canopy as the dependent variable. Initially, the PSO parameters were initialized and the ideal fitness function value was chosen based on the performance of the PSO-ELM model. The inertia weights were set to 0.90, the maximum number of iterations was set to 100, and the learning factors were set to 1.40. Subsequently, the input weights and thresholds corresponding to each particle were substituted into the ELM model, and the predicted and measured values of RMSE were used for adaptation of the PSO to calculate the individual and global extremes. Lastly, the particle positions and velocities were updated by iterative comparison, and the particle adaptation values were calculated, and the particle extremes and global extremes were updated until the minimum error was achieved or until the maximum number of iterations was attained.

Using the 512.1, 628.8, 674.2, 736.6, and 773.2 nm bands as independent variables and the chlorophyll content as a dependent variable with ELM and PSO-ELM, respectively, the SPA method was utilized to create models for prediction of the chlorophyll content of jujube trees (as shown in Figure 9). The unoptimized ELM and PSO-ELM prediction values were utilized to compare and evaluate the actual measured data in order to confirm the prediction accuracy of the suggested models. Table 4 shows the prediction results of the PSO-ELM inversion model of jujube tree chlorophyll content used in this study were superior to those of the inversion model built with the simple extreme learning method, and the PSO-ELM model of chlorophyll content inversion (R2 = 0.856, RMSE = 0.796) was superior to that of the chlorophyll content inversion built with the single ELM (R2 = 0.748, RMSE = 1.689).

[image: Figure 9]

FIGURE 9
 ELM and PSO-ELM models Chlorophyll content inversion model.




TABLE 4 Model comparison.
[image: Table4]

Given that the absolute value of the correlation between reflectance and chlorophyll content in the 500–900 nm band is generally between 0.5 and 0.65, and that there is a connection between distinct bands in this range, extracting and establishing the chlorophyll content inversion is complicated. SPA is used in this study to extract the distinctive bands of chlorophyll content inversion in order to reduce the complexity of spectral data. The number of bands is decreased to 5 after screening the contribution value, and the spectral wavenumber is lowered by 88.89%. The RMSE is 0.451. The correlation coefficients for the ELM and PSO-ELM inversion models were found to be 0.748 and 0.856, respectively. The preferential selection of five feature band parameters of SPA reduces the problem of redundancy among spectral data, improves modeling efficiency and operational efficiency, and reduces the effect of covariance of input data parameters, indicating that SPA is a more effective method for feature wavelength extraction. The sensitive bands of chlorophyll content response of jujube were selected by using SPA, and an extreme learning machine inversion model based on particle swarm optimization was established with a view to achieving rapid, accurate, and nondestructive diagnosis of canopy chlorophyll content under leaf mite infestation and improving inversion accuracy.

The spatial distribution of jujube leaf mites in the research region was determined, using ArcGIS software based on the disease grading criteria for leaf mite severity (I–IV; as shown in Figure 10). The map displays the range of SPAD values that correlate to the severity of each mite infestation. While other portions of the plot were less damaged and could be mildly treated for prevention to fulfill the demands of normal jujube tree development, the left area of the plot required concentrated spraying of pesticides since it was more heavily infested. The results demonstrated that the outcomes of the ground survey and the UAV images are similar.

[image: Figure 10]

FIGURE 10
 Inversion spatial distribution map of infestation severity of jujube mites.





Discussion


Analysis of the correlation between spectral reflectance and chlorophyll content

Using hyperspectral spectra the benefit of “image-spectrum integration,” we acquired hyperspectral images of the jujube tree, sought to inversion of chlorophyll content under the stress of leaf mite for jujube. Recent studies have focused greater attention on the spectral properties of crop diseases, and less on the physiological and biochemical alterations imposed by the diseases. The present results revealed that leaf mite infestation influences the spectral reflectance of the jujube tree canopy, and that SPAD values are strongly associated with the leaf mite infestation index. Given the relative decrease in chlorophyll content caused by insect damage, the spectral properties of jujube plants varied significantly with severity of insect damage. As the population of leaf mites peaks, the chlorophyll content in the leaves declines, resulting in a reduction in the photosynthetic activity of the leaves and a considerable decrease in spectral reflectance. The “white patches” or yellowing of branches caused by mite feeding on the leaves decreased the leaf area index and leaf chlorophyll content of jujube. In addition, it was demonstrated that crop pests and chlorophyll are strongly associated, and that spectral data can reflect changes in chlorophyll content caused by agricultural pests. Future work will focus on transferring such an integrative methodology presented here to other agronomic parameters estimation.



Spectral-based inversion model of chlorophyll content

In recent years, the link between reflectance spectral characteristics and pest parameters has been investigated using spectral data, and the sensitive wavebands following pest damage have been screened to enable pest monitoring and identification by classification. In the present study, we estimated the relative chlorophyll content of jujube trees under leaf mite infestation using UAV hyperspectral inversion and proposed a model for prediction of the chlorophyll content of jujube using PSO-ELM. The influence of random parameters of the ELM model on prediction accuracy and its weak generalization performance were effectively compensated. In addition, the inversion accuracy of jujube tree chlorophyll content was improved. The present results serve as a reference for the utility of UAV remote sensing for diagnosis and monitoring of leaf mite infestation in jujube.



Challenges and prospective research

Collaborative “air–sky–ground” building of pest and disease monitoring research. In studies utilizing UAV remote sensing to monitor crop development, pests, and diseases, the determination coefficients (inversion accuracy) of the parameter inversion findings are typically greater than those of satellite remote sensing (Adao et al., 2017). However, the essential research methodologies and fundamental concepts of both are identical or comparable (Aasen et al., 2018). The essence of the higher inversion accuracy of UAV remote sensing is as follows. First, given the lower altitude of aerial photography, the distance to the crop canopy is shorter, hence there is less distortion and sensitivity of the acquired information (e.g., image texture features, spectral features, and thermal radiation features), which more accurately reflect small changes in the crop phenotypes. Second, the small spatial scale of UAV remote sensing not only objectively excludes heterogeneous factors (such as climate variation, soil conditions, moisture conditions, crop varieties, pest and disease stress, and human management practices) that affect the inversion of crop growth, pests, and diseases at medium and large scales, but also allows for the precise control of variable factors required for the experiment. However, this advantage of UAV remote sensing is also a constraint to its application (Delavarpour et al., 2021; Wang et al., 2022). Although the combination of ground-based data with UAV remote sensing data may provide point-to-point inversion of crop growth, pests, and diseases, a number of limitations remain. The geographical extent is confined to the field size, and the consequent localization and individual variability in crop phenotypes limit the portability of monitoring models based on UAV remote sensing (Rezwan and Choi, 2022), so it is impossible to duplicate the inversion laws observed at larger scales or other sites. It is challenging to overcome regional disparities in numerous elements, such as crop types, natural environmental conditions, and human management practices, using satellite remote sensing (Messina and Modica, 2020; Zhou et al., 2020). It is also challenging for satellite remote sensing to overcome the impact of the diverse inversion influences on the inversion precision. Given the restricted geographical extent, UAV remote sensing is able to effectively screen diverse information. While employing satellite remote sensing techniques, we provide UAV remote sensing data as a crucial correction index for satellite remote sensing inversion agricultural growth, pest and disease studies to aid in the development of crop models. This may provide jujube pests monitor new ideas for follow-up studies.




Conclusion

In this study, leaf mite damage was monitored using an UAV platform equipped with a hyperspectral sensor. By acquiring hyperspectral images of jujube orchards with varying severities of leaf mite infestation, hyperspectral inversion was investigated to assess the relative chlorophyll content of jujube trees under the stress of leaf mite infestation. The results confirmed that the SPAD values of jujube plants were negatively correlated with severity of leaf mite infestation and leaf damage. Significant spectral variation was observed, with SPAD values diminished in the green peaks and red troughs of the spectral band with an increase in the severity of leaf damage. The differences in spectral reflectance among leaf mite-infested jujube plants were more pronounced. A strong correlation was observed between the SPAD value of jujube trees and the original and first-order derivative spectral reflectance of the canopy of jujube trees infested with leaf mites. It is therefore possible to quantify the leaf chlorophyll content of jujube trees under the stress of leaf mite infestation using hyperspectral remote sensing, thus providing a theoretical foundation for monitoring leaf mite infestation of jujube trees using hyperspectral remote sensing. Five feature bands were extracted using SPA: 512.1, 628.8, 674.2, 736.6, and 773.2 nm. The PSO-ELM model was developed using the extracted characteristic bands as input variables and the chlorophyll content of jujube trees as the output variable. The superior performance of the PSO-optimized ELM model demonstrated the viability of UAV deployment to perform hyperspectral inversion of the chlorophyll content of jujube plants infested with leaf mites. Thus, the variation in leaf chlorophyll content may be utilized to examine the categorization of jujube plants by severity of leaf mite infestation based on the variation in spectral characteristics.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

HQ conceptualized the experiment, selected the algorithms, collected and analyzed the data, and wrote the manuscript. JM, YW, and WC trained the algorithms. HN, ZW, and PW collected and analyzed data, and wrote the manuscript. QZ, JL, and YL supervised the project. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by Laboratory of Lingnan Modern Agriculture Project (NT2021009), Basic and Applied Basic Research Project of Guangzhou Basic Research Plan in 2022 (grant no. 202201010077), The 111 Project (D18019), Intelligent agriculture integration demonstration (Y951050), and Construction of Geological Big Data of Mountain-Building Zone Along the Silk Road (E2D6050100).



Acknowledgments

The authors wish to thank the Regiment 224 of the Xinjiang Production and Construction Corps 14th Division for the help in the collection of the ground data and field data.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2022.1009630/full#supplementary-material



References

 Aasen, H., Honkavaara, E., Lucieer, A., and Zarco-Tejada, P. J. (2018). Quantitative remote sensing at ultra-high resolution with UAV spectroscopy: a review of sensor technology, measurement procedures, and data correction workflows. Remote Sens. 10:1091. doi: 10.3390/rs10071091

 Adao, T., Hruska, J., Padua, L., Bessa, J., Peres, E., Morais, R., et al. (2017). Hyperspectral imaging: a review on UAV-based sensors, data processing and applications for agriculture and forestry. Remote Sens. 9:1110. doi: 10.3390/rs9111110

 Ahmad, M. N., Shariff, A. R. M., and Moslim, R. (2018). Monitoring insect pest infestation via different spectroscopic techniques. Appl. Spectrosc. Rev. 53, 836–853. doi: 10.1080/05704928.2018.1445094

 Ashourloo, D., Mobasheri, M. R., and Huete, A. (2014). Developing two spectral disease indices for detection of wheat leaf rust (Pucciniatriticina). Remote Sens. 6, 4723–4740. doi: 10.3390/rs6064723

 Bai, T. C., Wang, T., Zhang, N. N., Chen, Y. Q., and Mercatoris, B. (2020). Growth simulation and yield prediction for perennial jujube fruit tree by integrating age into the WOFOST model. J. Integr. Agric. 19, 721–734. doi: 10.1016/s2095-3119(19)62753-x

 Bai, T. C., Zhang, N., Mercatoris, B., and Chen, Y. Q. (2019). Jujube yield prediction method combining Landsat 8 vegetation index and the phenological length. Comput. Electron. Agric. 162, 1011–1027. doi: 10.1016/j.compag.2019.05.035

 Bendig, J., Yu, K., Aasen, H., Bolten, A., Bennertz, S., Broscheit, J., et al. (2015). Combining UAV-based plant height from crop surface models, visible, and near infrared vegetation indices for biomass monitoring in barley. Int. J. Appl. Earth Obs. Geoinf. 39, 79–87. doi: 10.1016/j.jag.2015.02.012

 Birth, G. S., and McVey, G. R. (1968). Measuring the color of growing turf with a reflectance spectrophotometer 1. Agron. J. 60, 640–643. doi: 10.2134/agronj1968.00021962006000060016x

 Daughtry, C. S. T., Walthall, C. L., Kim, M. S., de Colstoun, E. B., and McMurtrey, J. E. (2000). Estimating corn leaf chlorophyll concentration from leaf and canopy reflectance. Remote Sens. Environ. 74, 229–239. doi: 10.1016/S0034-4257(00)00113-9

 de Sousa Fernandes, D. D., Almeida, V. E., Pinto, L., Veras, G., Harrop Galvao, R. K., Gomes, A. A., et al. (2016). The successive projections algorithm for interval selection in partial least squares discriminant analysis. Anal. Methods 8, 7522–7530. doi: 10.1039/c6ay01840h

 Dehkordi, R. H., El Jarroudi, M., Kouadio, L., Meersmans, J., and Beyer, M. (2020). Monitoring wheat leaf rust and stripe rust in winter wheat using high-resolution UAV-based red-green-blue imagery. Remote Sens. 12:18. doi: 10.3390/rs12223696

 Delavarpour, N., Koparan, C., Nowatzki, J., Bajwa, S., and Sun, X. (2021). A technical study on UAV characteristics for precision agriculture applications and associated practical challenges. Remote Sens. 13:1204. doi: 10.3390/rs13061204

 Deng, X., Tong, Z., Lan, Y., and Huang, Z. (2020). Detection and location of dead trees with pine wilt disease based on deep learning and UAV remote sensing. AgriEngineering 2, 294–307. doi: 10.3390/agriengineering2020019

 Deng, X. L., Zhu, Z. H., Yang, J. C., Zheng, Z., Huang, Z. X., Yin, X. B., et al. (2020). Detection of citrus Huanglongbing based on multi-input neural network model of UAV Hyperspectral remote sensing. Remote Sens. 12:2678. doi: 10.3390/rs12172678

 Garcia-Ruiz, F., Sankaran, S., Maja, J. M., Lee, W. S., Rasmussen, J., and Ehsani, R. (2013). Comparison of two aerial imaging platforms for identification of Huanglongbing-infected citrus trees. Comput. Electron. Agric. 91, 106–115. doi: 10.1016/j.compag.2012.12.002

 Guo, A. T., Huang, W. J., Dong, Y. Y., Ye, H. C., Ma, H. Q., Liu, B., et al. (2021). Wheat yellow rust detection using UAV-based Hyperspectral technology. Remote Sens. 13:22. doi: 10.3390/rs13010123

 Haboudane, D., Miller, J. R., Tremblay, N., Zarco-Tejada, P. J., and Dextraze, L. (2002). Integrated narrow-band vegetation indices for prediction of crop chlorophyll content for application to precision agriculture. Remote Sens. Environ. 81, 416–426. doi: 10.1016/s0034-4257(02)00018-4

 Han, X., Wei, Z., Chen, H., Zhang, B. Z., Li, Y. N., and Du, T. S. (2021). Inversion of winter wheat growth parameters and yield under different water treatments based on UAV multispectral remote sensing. Front. Plant Sci. 12:13. doi: 10.3389/fpls.2021.609876 

 Hunt, E. R., Doraiswamy, P. C., McMurtrey, J. E., Daughtry, C. S. T., Perry, E. M., and Akhmedov, B. (2013). A visible band index for remote sensing leaf chlorophyll content at the canopy scale. Int. J. Appl. Earth Obs. Geoinf. 21, 103–112. doi: 10.1016/j.jag.2012.07.020

 Ji, Z. L., Pan, Y. Z., Zhu, X. F., Wang, J. Y., and Li, Q. N. (2021). Prediction of crop yield using Phenological information extracted from remote sensing vegetation index. Sensors 21:16. doi: 10.3390/s21041406 

 Jiang, Y. F., Zhang, L., Yan, M., Qi, J. G., Fu, T. M., Fan, S. X., et al. (2021). High-resolution mangrove forests classification with machine learning using worldview and UAV Hyperspectral data. Remote Sens. 13:21. doi: 10.3390/rs13081529

 Kaivosoja, J., Hautsalo, J., Heikkinen, J., Hiltunen, L., Ruuttunen, P., Nasi, R., et al. (2021). Reference measurements in developing UAV Systems for Detecting Pests, weeds, and diseases. Remote Sens. 13:1238. doi: 10.3390/rs13071238

 Kaloop, M. R., Kumar, D., Samui, P., Gabr, A. R., Hu, J. W., Jin, X., et al. (2019). Particle swarm optimization algorithm-extreme learning machine (PSO-ELM) model for predicting resilient modulus of stabilized aggregate bases. Appl. Sci.-Basel 9:3221. doi: 10.3390/app9163221

 Lei, S. H., Luo, J. B., Tao, X. J., and Qiu, Z. X. (2021). Remote sensing detecting of yellow leaf disease of Arecanut based on UAV multisource sensors. Remote Sens. 13:22. doi: 10.3390/rs13224562

 Li, W., Li, B., Guo, H. L., Fang, Y. X., Qiao, F. J., and Zhou, S. W. (2020). The ECG Signal Classification Based On Ensemble Learning Of PSO-ELM algorithm. Neural Network World 30, 265–279. doi: 10.14311/nnw.2020.30.018

 Li, H., Li, Q., Wang, D., Liu, J., Zhang, J., and Lu, Y. (2020). Effect of a cotton intercrop on spider mite populations in jujube trees. J. Asia Pac. Entomol. 23, 167–171. doi: 10.1016/j.aspen.2019.12.004

 Li, X. R., Yang, C. H., Zhang, H. R., Wang, P. P., Tang, J., Tian, Y. Q., et al. (2021). Identification of abandoned jujube fields using multi-temporal high-resolution imagery and machine learning. Remote Sens. 13:19. doi: 10.3390/rs13040801

 Liu, L. Y., Dong, Y. Y., Huang, W. J., Du, X. P., and Ma, H. Q. (2020). Monitoring wheat Fusarium head blight using unmanned aerial vehicle Hyperspectral imagery. Remote Sens. 12:19. doi: 10.3390/rs12223811

 Liu, W.-Y., Peng, J., Dou, Z.-J., Chen, B., Wang, J.-Q., Xiang, H.-Y., et al. (2017). Estimation models for jujube leaf pigment concentration with Hyperspectrum data at canopy scale. Spectrosc. Spectr. Anal. 37, 156–161. doi: 10.3964/j.issn.1000-0593(2017)01-0156-06 

 Liu, J., Xie, J., Meng, T., and Dong, H. (2021). Organic matter estimation of surface soil using successive projection algorithm. Agron. J. 114, 1944–1951. doi: 10.1002/agj2.20934

 Liu, Y. B., Zhang, L. L., and Liu, Q. Z. (2015). Changes of nematode community under monoculture wheat and wheat/jujube intercropping system in Xinjiang, Northwest China. Helminthologia 52, 123–129. doi: 10.1515/helmin-2015-0022

 Mahlein, A.-K., Rumpf, T., Welke, P., Dehne, H.-W., Plümer, L., Steiner, U., et al. (2013). Development of spectral indices for detecting and identifying plant diseases. Remote Sens. Environ. 128, 21–30. doi: 10.1016/j.rse.2012.09.019

 Messina, G., and Modica, G. (2020). Applications of UAV thermal imagery in precision agriculture: state of the art and future research outlook. Remote Sens. 12:1491. doi: 10.3390/rs12091491

 Qi, S., Quanjun, J., Xiaojin, Q., Liangyun, L., Xinjie, L., and Huayang, D. (2021). Improving the retrieval of crop canopy chlorophyll content using vegetation index combinations. Remote Sens. 13:470. doi: 10.3390/rs13030470

 Qin, J., Wang, B., Wu, Y., Lu, Q., and Zhu, H. (2021). Identifying pine wood nematode disease using UAV images and deep learning algorithms. Remote Sens. 13:162. doi: 10.3390/rs13020162

 Rezwan, S., and Choi, W. (2022). Artificial intelligence approaches for UAV navigation: recent advances and future challenges. IEEE Access 10, 26320–26339. doi: 10.1109/access.2022.3157626

 Sun, Q., Jiao, Q. J., Liu, L. Y., Liu, X. J., Qian, X. J., Zhang, X., et al. (2021). Improving the retrieval of Forest canopy chlorophyll content from MERIS dataset by introducing the vegetation clumping index. IEEE J. Sel. Top. Appl. Earth Observations Remote Sen. 14, 5515–5528. doi: 10.1109/jstars.2021.3082621

 Sun, J., Yang, L., Yang, X., Wei, J., Li, L., Guo, E., et al. (2021). Using spectral reflectance to estimate the leaf chlorophyll content of maize inoculated with Arbuscular Mycorrhizal fungi under water stress. Front. Plant Sci. 12:646173. doi: 10.3389/fpls.2021.646173 

 Torres-Sanchez, J., Pena, J. M., de Castro, A. I., and Lopez-Granados, F. (2014). Multi-temporal mapping of the vegetation fraction in early-season wheat fields using images from UAV. Comput. Electron. Agric. 103, 104–113. doi: 10.1016/j.compag.2014.02.009

 Vanegas, F., Bratanov, D., Powell, K., Weiss, J., and Gonzalez, F. (2018). A novel methodology for improving plant Pest surveillance in vineyards and crops using UAV-based Hyperspectral and spatial data. Sensors 18:260. doi: 10.3390/s18010260 

 Wang, J., Jiang, C., and Kuang, L. (2022). High-mobility satellite-UAV communications: challenges, solutions, and future research trends. IEEE Commun. Mag. 60, 38–43. doi: 10.1109/mcom.001.2100850

 Wang, J., Jing, Y. S., Huang, W. J., Zhang, J. C., Zhao, J., Zhang, Q., et al. (2015). Comparative research on estimating the severity of yellow rust in winter wheat. Spectrosc. Spectr. Anal. 35, 1649–1653. doi: 10.3964/j.issn.1000-0593(2015)06-1649-05 

 Xia, L., Zhang, R., Chen, L., Li, L., Yi, T., Wen, Y., et al. (2021). Evaluation of deep learning segmentation models for detection of pine wilt disease in unmanned aerial vehicle images. Remote Sens. 13:3594. doi: 10.3390/rs13183594

 Xu, Z., Zhang, Q., Xiang, S., Li, Y., Huang, X., Zhang, Y., et al. (2022). Monitoring the severity of Pantana phyllostachysae Chao infestation in Moso bamboo forests based on UAV multi-spectral remote sensing feature selection. Forests 13:418. doi: 10.3390/f13030418

 Yang, M., Gao, P., Zhou, P., Xie, J., Sun, D., Han, X., et al. (2021). Simulating canopy temperature using a random Forest model to calculate the crop water stress index of Chinese brassica. Agronomy-Basel 11:2244. doi: 10.3390/agronomy11112244

 You, J., Zhang, R. R., and Lee, J. (2022). A deep learning-based generalized system for detecting pine wilt disease using RGB-based UAV images. Remote Sens. 14:20. doi: 10.3390/rs14010150

 Zhang, J. J., Cheng, T., Guo, W., Xu, X., Qiao, H. B., Xie, Y. M., et al. (2021). Leaf area index estimation model for UAV image hyperspectral data based on wavelength variable selection and machine learning methods. Plant Methods 17:49. doi: 10.1186/s13007-021-00750-5 

 Zhang, M. Z., Su, W., Fu, Y. T., Zhu, D. H., Xue, J. H., Huang, J. X., et al. (2019). Super-resolution enhancement of Sentinel-2 image for retrieving LAI and chlorophyll content of summer corn. Eur. J. Agron. 111:125938. doi: 10.1016/j.eja.2019.125938

 Zhang, W., Teng, G., and Wang, C. (2013). Identification of jujube trees diseases using neural network. Optik 124, 1034–1037. doi: 10.1016/j.ijleo.2013.01.014

 Zhang, X., Zhao, D., Wang, T., Wu, X., and Duan, B. (2022). A novel rainfall prediction model based on CEEMDAN-PSO-ELM coupled model. Water Supply 22, 4531–4543. doi: 10.2166/ws.2022.115

 Zhou, Y., Rao, B., and Wang, W. (2020). UAV swarm intelligence: recent advances and future trends. IEEE Access 8, 183856–183878. doi: 10.1109/access.2020.3028865

OPS/images/fpls-13-1009630-M37.jpg





OPS/images/fpls-13-1009630-M36.jpg





OPS/images/fpls-13-1009630-M39.jpg
Phestyq (1)





OPS/images/fpls-13-1009630-M38.jpg





OPS/images/fpls-13-1009630-M33.jpg
t+1





OPS/images/fpls-13-1009630-M32.jpg





OPS/images/fpls-13-1009630-M35.jpg





OPS/images/fpls-13-1009630-M34.jpg





OPS/images/cover.jpg
’frontiers Frontiers in Plant Science

Inversion of chlorophyll content
under the stress of leaf mite for
jujube based on model PSO-ELM
method








OPS/images/fpls-13-1009630-M30.jpg
Vi (1+1)






OPS/images/fpls-13-1009630-M3.jpg
DN,





OPS/images/fpls-13-1009630-M31.jpg





OPS/images/logo.jpg
’ frontiers Frontiers in Plant Science





OPS/images/fpls-13-1009630-M27.jpg





OPS/images/fpls-13-1009630-M26.jpg
Yi





OPS/images/fpls-13-1009630-M29.jpg
Xpa (141) = X (1) + Via (1 +1)

7)





OPS/images/fpls-13-1009630-M28.jpg
Via (t+1) = Vi + cin[ Phestia (1) = Xia ()]

(©)
+ o[ Ghestiy (1) = Xpa (1) ]





OPS/images/fpls-13-1009630-M23.jpg





OPS/images/fpls-13-1009630-M25.jpg





OPS/images/fpls-13-1009630-M24.jpg
Xi





OPS/images/fpls-13-1009630-M2.jpg
P





OPS/images/fpls-13-1009630-M14.jpg
Eper (1)





OPS/images/fpls-13-1009630-M22.jpg
RMSE =

()

[©)





OPS/images/fpls-13-1009630-M21.jpg
o ()
Tl L)

a( Ve (Y
Ziw=d Xl

4)





OPS/images/fpls-13-1009630-M9.jpg
Ci(A)=E;j(A)/ Enr(2) )





OPS/images/fpls-13-1009630-M8.jpg
Lie(A) sy somsor =Li () ¥ C1(2)

(2)





OPS/images/fpls-13-1009630-M11.jpg
Lie(2),






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Inversion of chlorophyll content under the stress of leaf mite for jujube based on model PSO-ELM method



		Introduction



		Materials and methods



		Study areas



		Data acquisition



		UAV hyperspectral remote sensing image acquisition and data processing



		Correcting the system



		Post-processing refinement















		Measurement of SPAD at ground sampling points



		Classification of plant pest severity



		Vegetation index



		Statistical analysis









		Results



		Characteristics of SPAD variation



		Analysis of SPAD and spectral characteristics of jujube under infestation of leaf mite



		Correlation between SPAD value and vegetation indices of jujube trees



		Correlation between SPAD value and spectral reflectance



		SPA feature band selection



		Model building and prediction









		Discussion



		Analysis of the correlation between spectral reflectance and chlorophyll content



		Spectral-based inversion model of chlorophyll content



		Challenges and prospective research









		Conclusion



		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Supplementary Material



		References



















OPS/images/fpls-13-1009630-M10.jpg
Lie(A)usensor





OPS/images/fpls-13-1009630-M13.jpg





OPS/images/fpls-13-1009630-M12.jpg





OPS/images/fpls-13-1009630-t002.jpg
Sample
set

Overall
Modeling Set
Validation Set

No. of
samples
1,200
800
400

Min.

2080
2080
2150

Max.

67.50
6690
67.50

Mean.

4617
4621
45.97

Std.
deviation
9.66
971
9.68

C.V/%

2093
2101

21.06





OPS/images/fpls-13-1009630-t001.jpg
Name

NDVI

RVI
PhRI
MCARI
TCARI
Gl

Formula

NIR-R
NIR+ R
NIR

(T'ssrﬂszl)

55_;)}

7) ((R701~Re71) ~02(R701 ~ Rs49))

R701
Rmo

[

R00
Re70

1('?700 R500)

J

Comprehensive embodiment

Integrated crop growth variability

Crops growth sensitivity
Crop growth pattern

Crops chlorophyll variations
Crops growth sensitivity

Crops green variability

Application

Diseases detection

Chlorophyll estimation
Chlorophyll estimation
LAT and chlorophyll estimation
Chlorophyll estimation

Leaf rust detection

Reference

Mahlein et al. (2013)

Birth and McVey (1968)
Daughtry et al. (2000)
Zhang etal. (2019)
Haboudane et al. (2002)

Ashourloo et al. (2014)





OPS/images/fpls-13-1009630-M1.jpg
DN, Dl(

- DN,

p2=pi)+pr

(1)





OPS/images/fpls-13-1009630-t004.jpg
Modeling set Validation set
Model
R RMSE R RMSE
ELM 0.748 1.689 0.681 1.566
PSO-ELM 0.856 0.796 0.825 0.862





OPS/images/fpls-13-1009630-g010.jpg





OPS/images/fpls-13-1009630-t003.jpg
VI
NDVI
RVI
PhRI
MCARI
TCARI
Gl

Model

043 +65.36

¥
y=1814x+101.76
y=1561x+9495
y=20x+653
y==053x +80.20

74x 47255

R
0.668
0585
0.702
0.657
0.632
0.608

RMSE
1062
0951
0886
0.869
0.896
0787





OPS/images/fpls-13-1009630-M7.jpg
DN





OPS/images/crossmark.jpg
(®) Check for updates






OPS/images/fpls-13-1009630-g005.jpg





OPS/images/fpls-13-1009630-g006.jpg
——0.01 Correlation level
06

0.05 Corrclation level

Correlation coefficient

500 550 600 650 700 750 800 850 900
Wavelength / nm

——0.01 Correlation level

Correlation coefficient

650 700 750 800 850 900
‘Wavelength / nm





OPS/images/fpls-13-1009630-g003.jpg
SPAD value

70
65
60

E25%~75%

I 1510r

— Media line

@ Mean
ey Grade 11 Grade 111 Grade IV





OPS/images/fpls-13-1009630-M41.jpg





OPS/images/fpls-13-1009630-g004.jpg
e e = o 2 2
S 2 2 & g 3

Reflectance

=

— -Healthy

— Moderate

- Mild

*Severe

500 550

600 650 700
‘Wavelength / nm

750

800

850

Severe





OPS/images/fpls-13-1009630-g009.jpg
Chlorophyll content
g » & & 8 4 g & 3

8
b

- True value

8
8
<

—+Estimate by PSO-ELM
i —-Estimate by ELM
B
\ i ¥ *
| i \ R}
i \ ; k
H % ] .
¢l iv
*
Y U i
LR * ok >
| k i
[
!
! ELM:(RMSE = 1.689 R® = 0.748)
PSO-ELM:(RMSE = 0.796 R? = 0.856)
1 L 1 L 1 L )
10 20 30 40 50 60 70

Sample number





OPS/images/fpls-13-1009630-g007.jpg
08 Spectral curve

[ Selected variables

Final number of selected variables:s .7
.65 RMSE=0.451

06

0s

Reflectance

03
02
o1
0 0 00 00
Number of feature band ‘Wavelength





OPS/images/fpls-13-1009630-g008.jpg
Update the
optimal weights

and thresholds

optimum

Update the local
optimum and global
optimum






OPS/images/fpls-13-1009630-M47.jpg





OPS/images/fpls-13-1009630-M46.jpg
5





OPS/images/fpls-13-1009630-M6.jpg
DN,





OPS/images/fpls-13-1009630-M5.jpg





OPS/images/fpls-13-1009630-g001.jpg
D

00N 500N

35700N

3ga0N

3EeN

R I WOE FOCE SFQ0E SO0 SED0'E
Xinjiang Upgur Hotan
Autonomous Regior z | Prefecture
[ Hotan Prefectue, 2 | Mxcy
F £ | sudyarea
2
]
g

S

PO o ()
St

Elevation (m)
oSS

FUUTOR WITIOE 91720°E.

9°1T30E 9% TA0'E.

0150300 60o 0 50100 200

kn £ ——kn M o

TE S000E 6 TR 9500t TOUE  SCO0E  SF00E | M0E
c

E

TSUE TPW0E TCISUE T200E 19725

400N 600N 380ON

37250N

g

37150N

3P100N





OPS/images/fpls-13-1009630-M43.jpg
&

ko k ko k k
11,01, 01,021,00
ko k. k gk
15O, Oy b

)





OPS/images/fpls-13-1009630-g002.jpg
A
(Hcalthy)‘ (Muu)Q
[
(Muderat, (Sem,






OPS/images/fpls-13-1009630-M42.jpg
D=t(n+1)

®)





OPS/images/fpls-13-1009630-M45.jpg





OPS/images/fpls-13-1009630-M44.jpg





OPS/images/fpls-13-1009630-M40.jpg
Gbestyy (1)





OPS/images/fpls-13-1009630-M4.jpg





