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Abstract: Thosea sinensis Walker (TSW) rapidly spreads and severely damages the tea plants. Therefore, finding a reliable operational method for identifying the TSW-damaged areas via remote sensing has been a focus of a research community. Such methods also enable us to calculate the precise application of pesticides and prevent the subsequent spread of the pests. In this work, based on the unmanned aerial vehicle (UAV) platform, five band images of multispectral red-edge camera were obtained and used for monitoring the TSW in tea plantations. By combining the minimum redundancy maximum relevance (mRMR) with the selected spectral features, a comprehensive spectral selection strategy was proposed. Then, based on the selected spectral features, three classic machine learning algorithms, including random forest (RF), support vector machine (SVM), and k-nearest neighbors (KNN) were used to construct the pest monitoring model and were evaluated and compared. The results showed that the strategy proposed in this work obtained ideal monitoring accuracy by only using the combination of a few optimized features (2 or 4). In order to differentiate the healthy and TSW-damaged areas (2-class model), the monitoring accuracies of all the three models were computed, which were above 96%. The RF model used the least number of features, including only SAVI and Bandred. In order to further discriminate the pest incidence levels (3-class model), the monitoring accuracies of all the three models were computed, which were above 80%, among which the RF algorithm based on SAVI, Bandred, VARI_green, and Bandred_edge features achieve the highest accuracy (OAA of 87%, and Kappa of 0.79). Considering the computational cost and model accuracy, this work recommends the RF model based on a few optimal feature combinations to monitor and distinguish the severity of TSW in tea plantations. According to the UAV remote sensing mapping results, the TSW infestation exhibited an aggregated distribution pattern. The spatial information of occurrence and severity can offer effective guidance for precise control of the pest. In addition, the relevant methods provide a reference for monitoring other leaf-eating pests, effectively improving the management level of plant protection in tea plantations, and guaranting the yield and quality of tea plantations.
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1  Introduction

Thosea sinensis Walker (TSW) is a well-known leaf-eating pest. It has a wide variety of hosts, including tea trees, camellia trees, etc. When the larvae start feeding on the leaves, all the leaves of the host may be consumed, thus seriously affecting the plant and even causing its death in some cases [1]. According to statistics, generally, 10%–15% leaves are lost and 30% leaves are lost in severe cases [2]. Therefore, timely detection and accurate monitoring of the pest infestation in the fields is indispensable for formulating a precise prevention and effectively managing the tea plantations. Currently, the monitoring process of diseases and pests in tea plantations mainly relies on the visual inspection and field sampling, which is less efficient and easily misses the affected areas. In addition, it is difficult to perform timely and effective monitoring of the diseases and pests in tea plantations.

Recently, remote sensing technology has been adopted as a continuous and rapid means of acquiring surface information from a wide range of space. It has also provided new means for agricultural pest monitoring [3]. The previous works show that there are various symptoms and physiological changes, such as pigment destruction, cellular damage, scab, etc., caused by the diseases and pests [4–6]. These symptoms and physiological changes are reflected in the spectral responses and characteristics. There are various works presented in the literature that monitored the plant diseases and pests based on medium- and high-resolution satellite images. By using the SPOT6 images, Yuan et al. [7] conducted sensitivity analysis of original band and multiple vegetation index features by combining the optimized spectral features with three machine learning algorithms, including mahalanobis distance (MD), maximum likelihood classifier (MLC), and artificial neural network (ANN) for effective monitoring of powdery mildew of wheat. Based on RapidEye image and random forest algorithm, Dhau et al. [8] recognized and mapped the Streak Gemini virus (MSV) in maize fields. The results showed that with some sensitive vegetation indexes (VIs), such as soil adjusted vegetation index, enhanced vegetation index, red index, and normalized vegetation Index, a relatively high classification accuracy of 86% can be achieved. Based on the spectral features derived from the Sentinel-2 images by using three different machine learning algorithms, including SVM, KNN, and BPNN, Ruan et al. [9] successfully predicted the occurrence of wheat stripe rust with an accuracy of 86.2%. The aforementioned works show that the combination of satellite remote sensing images and machine learning algorithms for surface monitoring and detection of crop diseases and pests is an effective means to understand the occurrence and distribution of diseases and pests. However, due to fixed orbit and revisiting cycle, the satellite remote sensing images are susceptible to clouds and rain. Consequently, the spatial resolution is often unable to meet the requirements of pests and diseases monitoring with a small incidence area.

As an important part of low altitude remote sensing systems, UAV remote sensing systems are flexible, easy to operate, and obtain high-resolution data. These systems have various potential applications in cereals and commercial crops [10–12]. de Oca et al. [13] developed a low-cost unmanned aerial system for precision agriculture namely AgriQ, which is able to provide a series of vegetation indices based on a dual-spectrum system. Tao et al. [14] applied a couple of machine learning methods including RF, Multilayer Perceptron (MLP), Naive Bayesian (NB) and SVM to monitor the damage of armyworm in summer corn based on the multispectral UAV data. Xavier et al. [15] identified ramularia leaf blight cotton with an overall accuracy of 79% by using multispectral UAV imagery and four nonparametric classifiers, including multinomial logistic regression (MLR), multinomial logistic regression with boosting (MLRb), support vector machine (SVM), and random forest tree (RFT) for plant diseases and pests monitoring. The results show the possibility of using low-cost multispectral systems for monitoring ramularia blight in cotton. Based on the UAV systems equipped with RGB camera combined with SVM algorithm, Calou et al. [16] effectively monitored the yellow sigatoka disease in banana plantation. The aforementioned works show that the UAV remote sensing has potential application in monitoring diseases and pests of commercial crops at the field scale. Currently, the UAV remote sensing technology is already being used for the detection of main biochemical components of tea plants, monitoring the growth of intercropping crops in tea plantation, etc. [17,18]. However, there is still a lack of applied research in terms of monitoring the diseases and pests in tea plantations.

In order to address the problem of Thosea sinensis Walker (TSW) in tea plantations based on a UAV remote sensing system equipped with multi-spectral red-edge camera, this work: (1) developed a framework for mapping TSW of tea plants by using UAV-based multispectral imagery, (2) proposed a comprehensive feature optimization protocol to generate optimal spectral features (SFs) combination for TSW monitoring, and (3) evaluated and compared some classic machine learning algorithms proposed for mapping of TSW, and understand the spatial distribution of the damage caused by the TSW.

2  Data and Methods

2.1 Study Area

The target area is located in Hangzhou, Zhejiang Province, which is well-known for producing high-quality green tea in China. This region has a typical subtropical monsoon climate with four distinct seasons and abundant rainfall. The annual average temperature is 17.8°C, the average relative humidity is 70.3%, the annual precipitation is about 1500 mm, and the annual duration of sunshine is more than 1700 h. The type of soil is mainly red loam, which is suitable for tea plantation. Recently, the harm caused by TSW has been serious in tea plantations of Zhejiang Province. The symptoms are shown in Fig. 1. This study was performed in the Tea Experimental Base of Zhejiang University, Jingshan, Hangzhou (119°52′15E, 30°23′35N), and the target tea tree was Longjing 43. In November 2020, the tea plantation was seriously harmed by TSW, and the monitoring of TSW was performed in the experimental tea plantation based on UAV multi-spectral remote sensing images. The geographical location and spatial distribution of samples of the target area are shown in Fig. 2.
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Figure 1: The symptoms of the TSW in tea plantation
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Figure 2: The symptoms of the TSW in tea plantation

2.2 Data Acquisition and Processing

2.2.1 Field Data Acquisition

The ground investigation was performed in the morning of November 05, 2020, for examining the occurrence of TSW in the tea plantation. At the same time, marker plates were placed in fields to facilitate the positioning of the affected area in the UAV multi-spectral images. Altogether, 60 sample sites were investigated in the affected plantation. Each sample site was 1 row*1 m, and the pest incidence level of each sample point was investigated. Based on the proportion of damaged canopy blades of tea plants, the severity was divided into three levels, including healthy (no damage or damage <10%), slightly damaged (damage between 10% to 30%), and serious damaged (damage >30%). Finally, 30 healthy, 20 slightly damaged, and 10 seriously damaged samples were obtained for the modeling.

2.2.2 UAV Multi-Spectral Image Acquisition and Pre-Processing

The flight was conducted on November 5, 2020 by using DJI Matrice 600 pro (developed by Shenzhen DJI Sciences and Technologies, Ltd., Shenzhen, China). The UAV was controlled autonomously with the help of an integrated GPS receiver and a navigation system. The UAV multi-spectral images were acquired with a MicaSense RedEdge-M sensor (MicaSense, Inc., Seattle, WA, USA). This sensor included five independent high precision sensors for capturing the vegetation response for five spectral bands [i.e., blue, green, red, red-edge, and near infrared (NIR)]. The UAV flights were realized under clear sky and optimal illumination conditions from 10:30–14:30. Before and after the experiment, a calibration reflecting whiteboard was placed on the ground for relative radiometric calibration of multi-spectral data. In order to obtain stable images, the flight routes were planned before take-off, covering the entire target area. The flight altitude was set at 60 m, achieving ~3.3 cm spatial resolution. These settings enabled an 80% image side overlap and 70% image forward overlap for ensuring optimal photogrammetric processing. Pix4D (available at: https://pix4d.com/) was used to manage and process the UAV images. The preprocessing mainly included an image mosaic, geometric correction, radiometric calibration, and clipping. The schematic diagram of multi-spectral data acquisition and image preprocessing is shown in Fig. 3. Based on the pre-processed images, ROI of 15*15 pixels was selected at each sample site to extract corresponding image information and form a data set for subsequent feature extraction and modeling.
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Figure 3: The flowchart of UAV multi-spectral image acquisition and preprocessing

2.3 Data Selection of Spectral Features for Pest Mapping

It was noted that the vegetation indices (VIs) had been widely used in remote sensing monitoring of crop stress, such as crop diseases and pests [19]. By combining the spectral bands, the VIs were able to effectively represent the changes in the physiological and biochemical parameters and structures of the plants. The morphological and physiological changes in the tea plant caused by TSW led to changes in the spectral information. Therefore, in addition to using the five original spectral bands obtained using the red-edge sensor, nine vegetation indices were also selected as the candidate spectral features in monitoring of TSW. The definitions, calculation formulae, and references for these nine VIs were summarized in Table 1. Some of these VIs have been demonstrated to be responsible for the plant stress status (NDVI, SR); some were used for estimating the leaf area and biomass (EVI, EVI2, and WDRVI); and some for estimating the green vegetation fraction (SAVI, VARI, VARIgreen, and VARIred-edge). These were chosen because of their potential relevance to discriminate symptomatic tea plants infected by TSW.
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2.4 Feature Importance Ranking Based on mRMR Algorithm

In order to evaluate the sensitivity of the candidate spectral features (SFs) towards TSW and obtain the optimal feature combination for the monitoring model, minimum redundancy maximum relevance (mRMR) was adopted. This algorithm eliminated redundant features while ensuring maximum correlation between the features and categories, and has been successfully applied in various fields, such as target recognition [27], remote sensing image classification [28], and remote sensing monitoring of diseases and pests [29]. The mRMR algorithm used mutual information as the standard metric. The main idea was to find m optimal features from the feature space, which have the maximum correlation with the target category and have a minimum redundancy among features [30]. The correlation D between feature set S and class a was the relationship between the average value of all mutual information values between each feature xi and class a.

D(S,a)=1|S|∑xi∈s⁡(xi,a)
(1)

The redundancy R(S) of all the features in set S was represented by the average value of all the mutual information values between feature 
xi
and feature 
xj
as:

R(S)=1|S|2∑xi,xj∈s⁡I(xi,xj)
(2)

where 
I(xi,a)
was the mutual information between feature i and class a, and 
I(xi,xj)
was the mutual information between feature i and class j. The mutual information I(x, y) is computed as follows:

I(x,y)=∫∫p(x,y)lgp(x,y)p(x)p(y)dxdy
(3)

where p(x) and p(y) denote the probability density functions of random variables x and y, respectively, and p(x, y) represents the joint probability density function of x and y.

Combining (1) and (2), the objective function based on mRMR selection features was obtained as follows:

max(D−R)
(4)

As compared with the correlation analysis and T test, mRMR algorithm considers the correlation between the selected features and the severity of pest attack as well as the redundancy between features. Therefore, based on the mRMR algorithm, this work obtained the candidate feature set in a decreasing order of importance. It was then combined with the machine learning algorithms and was used for optimizing the remote sensing feature set for monitoring the effects of TSW. In order to perform the UAV-based mapping research of the tea plantation, feature selection and model construction were performed for two kinds of classification strategies. First, a dichotomous model for distinguishing the healthy and pest infested samples (i.e., 2-class model). Second, based on the pest incidence levels, the model performed a classification among healthy, slightly affected, and serious affected (i.e., 3-class model).

2.5 Algorithms for Pest Mapping

In recent decades, machine learning (ML) has received significant attention due to its robustness in remote sensing classification. In order to map TSW on the multi-spectral UAV images, three classic algorithms, including random forest (RF), support vector machine (SVM), and k-nearest neighbors (KNN) were implemented and their performances were compared. RF is an ensemble learning method used for classification and regression. It constructs a multitude of decision trees during the training process. For classification tasks, the output of the random forest is the class selected by most of the trees [31]. In this work, we used a random forest classifier comprising 100 decision trees. The SVM is a binary classification technique that uses the training dataset to estimate an optimal hyperplane in an n-dimensional space. The n-dimensional hyperplane uses “kernels” to categorize the n-dimensional data [32]. KNN is a non-parametric method used for classification. It arranges the data in a space by using the selected features. When a new data sample is classified, the algorithm compares the classes of the k closest data samples to determine the class of new data sample [33]. All of the three algorithms have been widely used in remote sensing classification, which have potential in mapping of pest damages [3].

According to the mRMR algorithm, the candidate feature set is sorted based on the importance of features. The models are trained and verified by using different numbers of feature combinations to obtain the changes in the accuracy by changing the number of features. By observing the changes in the accuracy curve, the initial position of the accuracy rising to the relative stationary interval is determined as the optimal feature number, and the optimal feature collection corresponding to the three algorithms is determined. The subsequent modeling and mapping are performed under both classification strategies. The three algorithms presented in this work wereimplemented by using scikit-learn library in Python.

2.6 Model Accuracy Evaluation

For both classification strategies, the samples were randomly divided into 60% training samples and 40% verification samples. The accuracy of the model was evaluated at the pixel scale. The final accuracy in terms of detecting the TSW was assessed by calculating the confusion matrix of the calibration data. The confusion matrix presented the overall accuracy (OA), producer’s accuracy (PA, %), user’s accuracy (UA, %), kappa, commission error (%), and omission error (%).

3  Results and Discussion

3.1 Selecting Optimal Combination of Indices for Mapping TSW

As different vegetation indices were obtained based on the spectral calculations, there existed an information homology. mRMR, as an important feature optimization algorithm that reduced the redundant information by sorting the importance of these features. Bandblue was unable to pass the preliminary test of mRMR analysis and was removed, which yielded 13 variables for subsequent analysis. mRMR method was used to select the candidate feature set, and the order of the importance of features in the obtained 2-class and 3-class models. In the 2-class model, the first six features were sorted as SAVI, Bandred, VARI_green, Bandgreen, SR, and Bandred-edge. In the 3-class model, the first six features were sorted as SAVI, Bandred, VARI_green, Bandred-edge, SR, and Bandgreen, as presented in Table 2. The order of all the features in both classification strategies was the same, and the only difference was in the fourth and sixth ranked features. This showed that the feature optimization algorithm based on mRMR method was highly stable. Based on the above feature ordering, the optimal feature combination was determined based on the overall accuracy of each model obtained using the combinations of different numbers of features, as presented in Fig. 4. For RF, SVM, and KNN algorithms, the optimal number of features in the 2-class model were 2, 4, and 4, respectively. The optimal number of features in the 3-class model were 4, 2, and 4, respectively. The above results showed that the feature optimization strategy combined with mRMR algorithm proposed in this work obtained a fewer number of features in both classification strategies, which is of great significance for improving the monitoring efficiency. The images of the top 6 (based on the sensitivity) features were shown in Fig. 5. These images indicated the spatial distribution of the features. From these images, it was noted that the differences between the damaged and the healthy areas were more obvious for the three VIs than the three original bands.
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Figure 4: The relationship between the number of spectral features and overall accuracies of different models. (a) 2-class model. (b) 3-class model. The red arrows show the number of selected features
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Figure 5: Maps of the top six features by mRMR in detecting TSW damage

The occurrence of diseases and pests can cause various changes in the morphology of the plant canopy (i.e., defoliation, leaf curling, leaf absence, and dead branches) and the physiological status of leaves (i.e., pigment system destruction, cell structure damage, water loss, etc.) [3,19]. These changes can be observed and captured by the remote sensing sensors in the form of spectra and images, thus forming a specific remote sensing response. This response forms the basis of remote sensing monitoring of plant diseases and pests. When tea trees are eaten by the TSW, the leaves of these trees are either broken, holed, or even bare rods remain, resulting in a significant decrease in LAI, canopy coverage, and green biomass. Therefore, both Bandred and Bandgreen are sensitive to the damages caused by the pests. As the increased exposure of soil background may interfere with the monitoring, SAVI effectively reduces the impact of soil background on vegetation spectrum and effectively reflects the changes in the green biomass of tea trees. This index has already been proven to be effective for the detection of Streak Gemini virus in maize [8]. During the estimation of green vegetation coverage, VARI_green minimizes the atmospheric influence and improves the relationship between spectral signals and plant states to a certain extent. In this work, VARI_green also has a good performance for monitoring the TSW. There are various works that have demonstrated the potential of Bandred-edge for the detection of plant diseases and pests [29,34]. In the 3-class model, as the pest incidence levels is further distinguished, the changes in the tea plant growth and biochemical components, such as leaf pigments, and the changes in the shape and position of red edge enable Bandred-edge in detecting the pest incidence levels. Generally, all the spectral features have the potential to discriminate symptomatic tea plants infected by TSW. Besides the spectral features, it is worth noting that the thermal and fluorescence sensors may have a potential in monitoring the early stage of diseases and pests. Therefore, it is expected to combine the spectral observations with thermal and fluorescence observations to promote the capability of the remote sensing system in early monitoring of the pest [3,35].

3.2 Mapping TSW Using Different Classification Algorithms

Based on the optimal spectral features presented in Table 2, the monitoring models of TSW in tea plantations with three algorithms were constructed under two classification strategies. The accuracies based on the independent validation samples under the three methods are summarized in Tables 3 and 4. Generally, the overall accuracies of the three models presented in this work reach more than 95% for the 2-class model, which is significantly better as compared to the 85% of the 3-class model. For the 2-class model, the accuracies of the three algorithms were very close, and the overall accuracy of the model ranged from 96%–97%. Among them, the SVM method achieved the highest accuracy, i.e., 97%, and kappa coefficient of 0.93. The pest-damaged areas can be successfully identified by all the three methods. For the 3-class model, the accuracy of the three algorithms was also close, and the overall accuracy of the model ranged from 84%–87%. Among them, the RF method achieveed the highest accuracy with an overall accuracy of 87% and kappa coefficient of 0.79. The analysis of the confusion matrix of 3-class model showed that the identification accuracy of the model for healthy samples was higher as compared to the other two classes. For all three models, the user’s accuracy for healthy samples reached more than 95%. Please note that the misclassification from severely damaged to slightly damaged pixels was the major error, which led to a high omission error (57.83% for SVM, 30.11% for RF, and 32.07% for KNN). The aforementioned results showed that the performance of different algorithms showed no obvious difference in the same classification strategy. Therefore, based on the comprehensive analysis of the number of features and the accuracies of the models, this work recommends the RF model with fewer features to be used for monitoring the TSW in tea plantations. The RF provides an effective way of handling the missing data and usually produces a reasonable prediction without requiring the hyper-parameter tuning [36]. Moreover, it reduces overfitting and increases the precision. The work presented by Tao et al. [14] which is based on multi-spectral UAV dataset and four machine learning algorithms, showed that the RF has the greatest potential with highest accuracy in terms of identifying the armyworm infected areas.
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Furthermore, the spatial distribution pattern of the monitoring results yielded by the three algorithms was evaluated and compared, as presented in Fig. 6. A visual comparison shows that the spatial patterns of the identified pest damaged area are generally consistent among the three algorithms, under both 2-class and 3-class models. It is evident from Fig. 6 that the damage caused by the pests showed an aggregated pattern in the field. The infection process of TSW is the formation of pest clusters in some areas of the tea plantation, causing in situ damage, and then gradually spreading to other surrounding areas. In addition, the range of pests showed an obvious spreading trend along the rows. Please note that within a tea plantation, there was an obvious multi-point spread distribution. Based on the aforementioned mapping results and in combination with the characteristics of the infection and the damage caused by the TSW, in actual plant protection management of tea plantations, buffer areas can be set at certain distances as a key prevention and control areas based on the monitored harmed areas at the early stages of pest occurrence. In these key areas, prevention and control management should be strengthened to prevent the spreading of TSW in tea plantations through more precise prevention and control to improve the level of plant protection management of tea plantations and, yield and quality of the tea. Besides, to adapt the model to be applied in different regions and stages, it is important to tune some critical parameters with some optimization algorithms (i.e., genetic algorithm, GA), as well as use of some optimal spectral features.
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Figure 6: The spatial distribution of TSW damage in tea plantations based on SVM, RF, and KNN

4  Conclusion

The process of monitoring the pests is an important task in tea plantation monitoring and management via remote sensing technology. In this work, based on UAV multi-spectral remote sensing images, a comprehensive spectral features selection procedure was proposed, which significantly facilitated the development of the detection models for monitoring TSW in tea plantations. The main conclusions of this work are presented below:

(1)Based on the sensitive feature selection strategy proposed in this work, under both the damage occurrence monitoring (2-class model) and damage severity monitoring (3-class model), each model monitored the pest damage with fewer combinations of 2–4 features.

(2)The performance of different models in the same classification model wasconsistent. The accuracy of all the models in the 2-class model was above 95%, and the accuracy of all the models in the 3-class model was about 85%. This showed that the proposed method not only showed a good ability to identify the pest damage, but also had a certain monitoring ability for determining the pest incidence levels.

(3)Considering the number of features and the accuracies of the models, the RF algorithm was recommended in this work. In the 2-class model, only two features were used. The overall accuracy reached 96%, and the Kappa coefficient was 0.97. The overall accuracy of the 3-class model was 87%, and the Kappa coefficient was 0.79.

The UAV multi-spectral technology with red-edge bands is a low-cost solution for remotely monitoring the pest infections in tea plantations. Based on the technical system proposed in this work, in the future tea plantation plant protection precision management, we will: (1) apply continuous time phase observation for timely finding the abnormal areas in tea plantations and master the occurrence regularity of tea plantation stress; (2) monitoring should be performed in the critical period of high incidence of diseases and pests, and rapid monitoring mapping of abnormal areas in tea plantations should be performed by using a UAV for mastering the occurrence, distribution, and severity of stress in tea plantations, and formulate precise prevention and control strategies; (3) considering the possible discrimination problem of confounding stress in actual tea plantations, multi-source data, such as climate data, geographic data and wireless sensor networks, can be combined to perform monitoring. These technologies are expected to provide technical support for the precise management of tea plantation pests and diseases and other stresses in the future, which is of great significance for improving the quality and yield of tea.
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Table 1: A summary of spectral vegetation indices (VIs) used for the detection

Spectral index Definition Reference
EVI, Enhanced VI 2.5(RNR — Ried)/(Rntr + 6Rreg — 7.5Rppue + 1) [20]
EVI2, two-band Enhanced VI 2.5(RNR — Ried)/(RNR + 2.4Rpeq + 1) [21]
NDVI, Normalized Difference (Rnir = Recd)/(Ruir + Rieq) [22]
Vegetation Index

SAVI, Soil Adjusted VI (Rytr = Reed)(1 + LY/(Ryr + Reeg + L); L=0.5  [23]
SR, Simple Ratio Rair/Rr [24]
VARI, Visible Atmospherically (Rgreen = Rrea)/(Rgreen + Ryed — Rpiue) [25]
Resistant Index

VARIycen, Visible Atmospherically (Rgreen = Rrea)/(Rgreen + Ryed) [25]
Resistant Index for green ref.

VARI, ¢g-eqges Visible Atmospherically  (Ryeg-cdge = Rred)/(Rred-cdge + Rrea) [25]
Resistant Index for red edge ref.

WDRYVI, Wide Dynamic Range VI (0.1RNR — Ryed)/(0.1RNR + Ricq) [26]
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Table 3: Contusion matrix and classification accuracies of the three algorithms with validation samples for
2-class model

Reference , . Commission
Healthy Diseased Sum U-se.06) OA - Kappa error (%)

Healthy 2687 58 2745 97.89 0.97 0.93 2.11

Diseased 129 2526 2655 95.14 4.86
SVM  Sum 2816 2584 5400

P.’s a. (%) 95.42 97.76

Omission error (%) 4.58 2.24

Healthy 2686 131 2817 95.35 0.96 0.93 4.65

Diseased 59 2524 2583 97.72 2.28
RF Sum 2745 2655 5400

P.’s a. (%) 97.85 95.07

Omission error (%) 2.15 4.93

Healthy 2663 126 2789 95.48 0.96 0.92 4.52

Diseased 82 2529 2611 96.86 3.14
KNN  Sum 2745 2655 5400

P.’s a. (%) 97.01 95.25

Omission error (%) 2.99 4.75
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Table 4: Confusion matrix and classification accuracies of the three algorithms with validation samples for
3-class model

Commission
U’sa. (o) OA Kappa error (%)

Reference

Healthy Slight Serious Sum

Healthy 2670 133 0 2803 95.26 0.84 0.74 4.74

Slight 75 1503 532 2110 71.23 28.77
SVM Serious 0 99 388 487  79.67 20.33

Sum 2745 1735 920 5400

P.’s a. (%) 9727  86.63 42.17

Omission error (%) 2.73 13.37 57.83

Healthy 2689 122 0 2811 95.66 0.87 0.79 4.34

Slight 56 1380 277 1713 80.56 19.44

Serious 0 233 643 876 73.40 26.60
RE Sum 2745 1735 920 5400

P.’s a. (%) 97.96  79.54 69.89

Omission error (%) 2.04 20.46 30.11

Healthy 2665 130 O 2795 95.35 0.85 0.76  4.65

Slight 80 1325 295 1700 77.94 22.06
KNN Serious 0 280 625 905 69.06 30.94

Sum 2745 1735 920 5400

P.’s a. (%) 97.09  76.37 67.93

Omission error (%) 2.91 23.63 32.07
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Table 2: Optimal feature sets for three algorithms

2-class model 3-class model

Classification models Number of selected Overall Number of selected Overall

features accuracy features accuracy
RF 2 96% 4 87%
KNN 4 96% 4 85%
SVM 4 97% 2 84%
Feature importance ranking
based on mRMR

2-class model

3-class model

SAVI, Bandred, VARI green, Bandgreen, SR, Bandred edge,
VARI red-edge, Bandnir, VARI, EVI, NDVI, EVI2, WDRVI

SAVI, Bandred, VARI green, Bandred edge, SR, Bandgreen,
VARI red-edee. Bandnir. VARI. EVI. NDVI. EVI2. WDRVI
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