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Abstract 
The plant disease problem is a key factor affecting the healthy growth of plants. A lot of 
research work has been done to solve the plant disease problem. While plant leaves 
contain a large amount of growth information, image classification, detection and 
recognition tasks based on deep learning techniques have achieved good results. In this 
paper, the strawberry anthracnose detection algorithm is studied and the strawberry 
anthracnose detection system is designed and implemented. In this paper, anthracnose 
detection of strawberry is used as an example in the context of plant disease detection. 
Currently, various emerging technologies are applied in crop disease identification and 
control, among which imaging-based technologies are most widely used, including 
multispectral imaging, hyperspectral imaging, fluorescence imaging, infrared imaging, 
and visible light imaging. In this study, we used a hyperspectral imaging system based 
on selected spectral fingerprint features to develop six machine learning-assisted 
methods for early identification of strawberry anthracnose. First, the full spectrum of 
ROI was extracted and the spectral fingerprint features for early identification of 
anthracnose and gray mold were explored by machine learning using chemometric 
methods in the spectral domain. Second, six classification models for identifying 
anthracnose in strawberry were developed, and their classification performance was 
evaluated and compared. For early detection of anthracnose in strawberries, most of the 
classification models obtained relatively good accuracy (100%) and robust performance 
in identifying asymptomatic fungal infection classes before obvious signs of disease 
appeared in strawberries. This study provides the basis for the development of a real-
time monitoring system for rapid online detection as well as for plant disease detection 
in the field. A strawberry anthracnose detection system was designed and implemented 
based on a strawberry anthracnose detection model. The system functions include: the 
main system interface module, system registration and login module, uploading photos 
for disease detection module, visualization module and administrator module. The main 
interface module provides the user with a button to upload photos for hyperspectral 
imaging of young strawberry plants, which allows the system to analyze and return 
detection results; the system registration and login module provides the user with a 
registration and login portal; the disease detection module is responsible for disease 
detection of the images uploaded by the user; the visualization module is responsible for 
visualizing the disease detection results and classifying the results for storage; and the 
administrator module is responsible for the visualization and storage of the detection 
results. The administrator module refers to the functions of the administrator's 
background, which mainly includes updating the interface, collecting images and 
viewing images. 
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1. Introduction 

With the improvement of people's production and consumption level, strawberry has been introduced 
into millions of households, and its excellent taste and rich nutritional value make it one of the most 
popular fruits in China. Strawberry is rich in nutritional value and is known as the "Queen of Fruits". 
It is rich in vitamin C, vitamin A, vitamin E, vitamin PP, vitamin B1, vitamin B2, carotene, fiber and 
other nutrients, which can protect eyesight, help digestion and prevent constipation. Early detection 
of strawberry diseases is important for managing strawberry production, achieving accurate target 
spraying, avoiding mass spread of the disease and improving strawberry yield and quality. Strawberry 
anthracnose, which occurs in strawberry growing areas around the world, is one of the most 
devastating diseases of strawberries, causing yield reductions of 25-30%, severely affecting 
strawberry yield and quality, and causing massive yield losses worldwide. In the early stages of 
anthracnose, irregular or dark brown spots, depressed black spots, and even necrotic lesions from the 
petiole to the fruit appear on the leaves, causing the entire plant to wilt and die. [9] When strawberry 
plants are found to have anthracnose, alternate foliar sprays of 60q t~800 times of Dextran, 
Chlorothalonil, Tebuconazole, and Metribuzin during the nursery period and every 7~10 days after 
planting are effective in reducing anthracnose. Charcoal net gel suspension 1500 times is very 
excellent for the control of anthracnose. [10] Traditionally, the effective management of anthracnose 
relies on the application of fungicides. However, many negative effects have resulted from the 
overuse of fungicides. Crop managers need to know the spatial distribution of infected leaf spots in 
order to effectively treat the disease with fungicides, thus avoiding problems such as increasing plant 
resistance, fungicide wastage, and environmental pollution due to inaccurate fungicide application. 
Therefore, non-destructive, rapid and accurate disease identification in pre-symptom detection is 
essential to ensure efficient and high quality strawberry production. Early detection of strawberry 
anthracnose currently relies on traditional methods, which are technically demanding and labor-
intensive for the detectors. With the development of imaging technology and optical sensing, 
hyperspectral imaging has become a powerful tool for non-destructive, rapid and accurate 
identification of the disease in its nascent stage. Hyperspectral imaging consists of a set of 
monochromatic images at nearly continuous wavelengths and has the original advantage of more 
sophisticated image processing and spectral analysis to obtain spectral fingerprint features and texture 
features that are difficult to detect with conventional computer vision systems. The image acquired 
by imaging spectrometer contains two-dimensional spatial information as well as third-dimensional 
spectral information, which can be used as an auxiliary detection means to detect the high bright spot 
of spatial imaging and initially determine the imaging position of the target, so as to target the spectral 
analysis, reduce the amount of computation, accelerate the recognition speed, improve the system 
detection efficiency, and reduce the false alarm rate. [11]The combination of hyperspectral imaging 
technology and machine learning algorithm not only overcomes the shortcomings of traditional 
methods, but also provides a new technical means for timely and accurate nondestructive disease 
detection with its wide coverage area, continuous dynamic monitoring, and non-destructive 
characteristics, which greatly reduces the workload of farmers and improves the yield and quality of 
strawberries, and also leaves a large amount of relevant data for future research on strawberry 
anthracnose. The data will be available for future research on strawberry anthracnose. 

The fundamental objective of this study is to investigate the early identification potential of 
anthracnose by machine learning and spectral fingerprinting features using a hyperspectral imaging 
system. To achieve the main objective, the following steps are divided into (1) preparing a dataset of 
artificially infected strawberry leaves; (2) obtaining hyperspectral images of leaf samples (in the 
spectral domain from 400 nm to 1000 nm) and calibrating the hyperspectral images; (3) analyzing 
the hyperspectral images with stochastic measurements of spectral regions to explore the spectral 
fingerprint features for early identification of anthrax by machine learning; (4) Transferring the data 
set of strawberry anthrax into the database, building a classification model to identify anthrax, and 
evaluating the performance. 
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2. Introduction to Related Theories 

The combination of machine learning methods with hyperspectral imaging has been commonly used 
for plant disease diagnosis, and supervised learning methods have also proven to be high-performance 
tools for classification tasks. 

2.1 Hyperspectral Imaging (Schematic of Hyperspectral Imaging) 

Hyperspectral imaging is a technique based on very many narrow-band imaging data, which 
combines imaging techniques with spectroscopic techniques to probe the two-dimensional geometric 
space and one-dimensional spectral information of a target to obtain continuous, narrow-band image 
data with high spectral resolution. Hyperspectral imaging has emerged as a powerful tool for non-
destructive, rapid, and accurate identification of diseases in their nascent stages [6]. Hyperspectral 
imaging consists of a set of monochromatic images at nearly continuous wavelengths and has the 
original advantage of more sophisticated image processing and spectral analysis to obtain spectral 
fingerprint features and texture features that are difficult to detect by conventional computer vision 
systems. 

2.2 Super Vector Machine (SVM) 

SVM is a generalized linear classifier for binary classification of data, which is based on the principle 
of structural risk minimization and has a high generalization capability. The main idea is to map the 
data to a high-dimensional feature space and then use the maximum edge hyperplane to segment the 
samples , so that all misclassified points (defined as M) have the smallest sum of distances to the 
hyperplane. 

 

 
Figure 1. Optimization algorithm 

2.3 Naive Bayes (NB) 

Bayesian classification algorithm is a statistical classification method, which is a class of algorithms 
that uses knowledge of probability statistics for classification. In many occasions, the Naïve Bayes 
(NB) classification algorithm is comparable to decision trees and neural network classification 
algorithms, and the algorithm can be applied to large databases with simple methods, high 
classification accuracy and speed. with the highest probability of being the same. The premise of the 
plain Bayesian algorithm is that the attributes are independent of each other. When the data set 
satisfies this independence assumption, the accuracy of classification is higher, otherwise it may be 
lower. In addition, the algorithm has no classification rule output. 

2.4 K-Nearest Neighbor Classification (KNN) 

KNN is also one of the simplest algorithms in data mining classification techniques. Its main idea is 
to find the classification results of the k nearest samples of the target point in the training set based 
on a given distance metric, and after the classification rules, predict the classification of the target 
samples. It classifies the samples by measuring the Euclidean distance. According to the majority 
voting rule, the unknown sample is classified in the same category as the sample with more categories 
among the k nearest neighbor samples. 

2.5 Competitive Adaptive Re-weighted Sampling (CARS) 

Competitive adaptive reweighted sampling (CARS) is a feature variable selection method that 
combines Monte Carlo sampling with PLS model regression coefficients, mimicking the principle of 
"survival of the fittest" in Darwin's theory.In CARS algorithm, each time by adapative reweighted 
sampling (ARS) In the CARS algorithm, the points with larger absolute weights of the regression 
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coefficients in the PLS model are retained as a new subset by adaptive reweighted sampling (ARS), 
and the points with smaller weights are removed, and then the PLS model is built based on the new 
subset, and the wavelength in the subset with the smallest root mean square error of cross-validation 
(RMSECV) of the PLS model is selected as the characteristic wavelength after multiple calculations. 
The process is as follows. 

1) Using Monte Carlo sampling method, a certain number (generally 80%) of samples are randomly 
selected from the calibration set into the modeling set each time, and the remaining 20% is used as 
the prediction set to build the PLS model. 

2) Exponentially decreasing function (EDF) is used to forcibly remove the wavelengths with 
relatively small weights of the absolute values of the regression coefficients. 

3) At each sampling, the number of wavelength variables with Ri∗nRi∗n is selected from the number 
of variables at the previous sampling using adaptive weighted sampling (ARS) for PLS modeling and 
calculating RMSECV. 

4) After the completion of N sampling, the CARS algorithm obtains a subset of N sets of candidate 
characteristic wavelengths and the corresponding RMSECV values, and the subset of wavelength 
variables corresponding to the minimum value of RMSECV is selected as the characteristic 
wavelength. 

3. Monitoring Model of Strawberry Anthracnose 

Strawberry has an important trade market in China, and strawberry anthracnose is an important factor 
affecting the yield of strawberry during its cultivation. Early detection of strawberry anthracnose is 
important to improve the yield and quality of strawberry. Strawberry anthracnose is a disease that 
occurs on strawberries and is caused by the infestation of Colletotrichum, Acanthamoeba or 
Strawberry anthracnose. There are two types of anthracnose that infect the leaves of strawberries: 
anthracnose leaf spot, also called black spot, caused by Strawberry anthracnose and Colletotrichum 
anthracis; and irregular leaf spot, caused by Acanthamoeba. Strawberry anthracnose mainly occurs 
on leaves, petioles, stolons, rhizomes, flowers and fruits of strawberries [12]. To solve the problem 
of classifying healthy leaves of strawberry and leaves suffering from strawberry anthracnose, an 
artificial intelligence algorithm-based plant disease detection model using full spectrum and spectral 
feature fingerprints as input is proposed in this chapter, and its accuracy is derived and compared 
using each of six different classifier algorithms.       

3.1 Image Dataset and its Pre-processing 

3.1.1 Image Dataset 

 
Figure 2. Sample partitioning of inoculated leaves 
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Figure 3. Healthy and infected samples 

 

In order to achieve fast and accurate image recognition of strawberry anthrax by the model, a 
complete dataset must be established, and an accurate dataset can largely influence the final 
recognition results, which is a very critical step. In China, there is no publicly available large-scale, 
high-quality hyperspectral image dataset of strawberry anthrax in China. Therefore, we obtained 
hyperspectral images of 447 strawberry leaves without visual defects such as scars, rots, shrivelings, 
cuts, etc. by contacting the College of Agriculture as a dataset. The hyperspectral images of healthy, 
anthracnose infected and gray mold infected strawberry leaves for 24h, 48h and 72h are shown in 
Figure 2. 

3.1.2 Hyperspectral Image Correction 

In the process of fruit disease detection using image analysis methods, some bands with smaller light 
intensities tend to obtain a larger amount of noise, making a large amount of useless interference 
information in the images. In fact, the directly obtained HIS images of strawberry leaves need to be 
radiometrically corrected first and cannot be used immediately for experiments. Therefore, in order 
to obtain a high spectral reflectance image R, the following equation needs to be applied to calculate 
the spatial pixel (i) at a specific wavelength of R: 

 

100% ×RDi))- RWi(RDi) - (RSi (= Ri 
 

 

The parameter R on the left side of the equation represents the corrected hyperspectral reflectance 
image. The relevant parameters RD, RS and RW on the right side of the equation represent the 
intensity values of the same pixels of the dark reference image, the white reference image and the 
sample image, respectively. The reflectance of the white reference image RW is about 99.9%, which 
represents the highest reference intensity value. While the dark reference image RD has almost zero 
reflectance and represents the dark response of the camera. rW can be obtained by measuring the 
spectral image of a Teflon white plate with 99.9% reflectance. rD needs to be measured by obtaining 
the corresponding spectral image without a light source and with the lens completely covered, opaque, 
and non-reflective. All spectral analysis, image processing and multivariate analysis methods for high 
spectral reflectance will be implemented in this study. 

3.1.3 Fingerprint Spectral Feature Extraction 

As an intrinsic biological trait, fingerprints are considered to be one of the important and most reliable 
means of verifying biological identity. The spectrum of the fingerprint region contains very complex 
absorption sequences, which are caused by various bending vibrations within the molecule. When the 
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molecules of a substance are slightly different, they cause significant changes in spectral absorption. 
Healthy and infected fruits have different spectral patterns due to differences in molecular structure 
and cellular composition. Therefore, as the uniqueness and invariance of chemical fingerprints, 
spectral fingerprinting features can therefore be used to detect the degree of infection of fruit diseases. 
However, raw hyperspectra of strawberry leaves often contain a large number of wave points and 
redundant data, resulting in high data dimensionality and complex modeling. Therefore, it is 
necessary to reduce the dimensionality of raw spectral data, extract spectral fingerprint features, and 
amplify the differences in spectral patterns between leaves with different infection degrees while 
maintaining the topology of spectral data, so as to achieve early disease detection of strawberry leaves. 
In this paper, the Competitive Adaptive Re-weighted Sampling (CARS) algorithm and the Random 
Frog (Rf algorithm are used for data downscaling and spectral fingerprint feature exploration. 

CARS [13] is a commonly used algorithm for selecting the best feature variables in spectral analysis. 
The maximum absolute value of the regression coefficients was evaluated and the importance of each 
wavelength was assessed according to the rule of survival of the fittest. In the execution of CARS, a 
subset of N variables was selected from N Monte Carlo (MC) samples and operated in an iterative 
competitive manner. In each sampling process, CARS is divided into four consecutive procedures. 
the MC model sampling, the exponentially declining state number (EDF), the adaptive re-weighted 
sampling (ARS), and the calculation of the RMSECV for each subset. Ultimately, the initial spectral 
fingerprint features at wavelengths with large absolute regression co-efficients are selected as RF 
inputs for further extraction and optimization. 

Rf [14] is a novel feature band selection algorithm that can be modeled using a small number of 
variable iterations and is a very effective method for variable selection for high-dimensional data. It 
calculates and outputs the probability of selection (SP) for each variable, thus enabling variable 
selection from raw spectral data.Higher SP values indicate greater differences in the corresponding 
spectral bands between healthy and infected leaves.The operating procedure of Rf is as follows. (1) 
initialize VO, which is a random subset of variables containing Q variables; (2) generate a candidate 
subset V* containing Q* variables; take V stars as Vv1 with a certain probability, and then replace 
VO with V1; repeat the above process until N iterations are completed; (3) calculate the SP of each 
variable, which is a criterion for variable selection. The extracted results are shown in Figure 4. 

 

 
Figure 4. Extraction of spectral fingerprint features by CARS-RF (A) SP of spectral features; (B) 

Distribution of spectral fingerprint features in the whole spectral range 

3.2 Detection Models for Plant Diseases 

Machine learning has been commonly used for the detection of crop diseases and supervised learning 
methods have been proven to be efficient tools [15]. Common classification algorithms include super 
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vector machines (SVM), K-nearest neighbor classification algorithms (KNN), artificial neural 
networks (ANN), decision trees (DT), and Naive Bayes (NB). This chapter uses the extreme learning 
machine (ELM), random forest classifier (RFC), partial least square-discriminant analysis (PLS-DA), 
in addition to the SVM, NB, and KNN algorithms among them. 

3.2.1 Use and Comparison of 6 Classification Algorithms 

 
Figure 5. Performance comparison of different machine learning classifiers for disease detection 

and infection stage assessment 

 

 
Figure 6. Performance comparison of different spectral fingerprint features and machine learning 

classifiers (A) classification accuracy of each spectral fingerprint feature using SVM classifier; (B) 
performance comparison of different machine learning classifiers with full-spectrum and spectral 

fingerprint features. 

 

Not only healthy and diseased strawberry leaf samples, but also three infection stages. Classification 
was performed for 24 hours (early detection stage), 48 hours and 72 hours. Different classifiers (SVM, 



International Core Journal of Engineering Volume 8 Issue 6, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202206_8(6).0111

 

844 

ELM, KNN, PLS-DA, Random Forest and NB) were used in building the detection model and 
compared in order to accurately identify the categories and infection stages of diseased leaves. There 
are seven categories to be identified, i.e. healthy leaves, diseased leaves with three infection periods 
(24, 48 and 72 h) with anthracnose and gray mold, the design of different model parameters will affect 
the performance of the classifier and the best parameters were selected by cross validation of each 
classifier as shown in Figure 5. 

Figure 5 evaluates and compares the individual (healthy, anthrax (24 h, 48 h and 72 h), anaerobic (24 
h, 48 h and 72 h)) and overall performance of the different classification models. The accuracy of the 
models was considered to increase over time, which is logical since diseases evolve. Based on the 
spectral behavior of healthy and diseased leaves at different stages of infection in 3.1, the recognition 
accuracy of the model should increase with the degree of disease. However, as can be seen from the 
table, most of the classification models achieved a relatively high accuracy. Satisfactory accuracy 
(100%) and robust performance were observed from the first infection stage (24 h). It is reasonable 
to assume that machine learning models have great potential for detecting classes and infection stages 
of leaf diseases. Furthermore, the unexpectedly poor performance of the NB classifier compared to 
the other five classifiers can be partly explained by the fact that NB is a relatively simple independent 
hypothesis based on Bayes' theorem as well as feature conditions using probabilistic statistics to select 
classifications, which are likely to be inaccurate for complex hyperspectral images.     

4. System Design 

4.1 Establishing the Database 

A database is created to store the information of users. The data tables established in this system 
mainly include: administrator information table admin, user uploading picture information table 
uploading, collecting picture information table images, and viewing picture categories table classes 
[7-8]. 

4.2 Development of Strawberry Anthrax Detection System. 

4.2.1 System Interface Module 
Firstly, the system interface mainly includes the disease detection interface, the result display 
interface, the administrator registration interface, the administrator login interface, and the 
background management interface. These interfaces cooperate with each other to form a complete 
system. 

4.2.2 System Registration and Login Module 

When the administrator needs to enter the system for background management, he/she has to register 
the system first and then log in. To realize the registration function, the administrator needs to enter 
the registration interface and then fill in the valid registration information. If the filled-in registration 
information is valid, the JSP page will submit the valid registration information to the server, which 
is connected to the database and stores the form information to the database, and at the same time, 
the system will remind the successful registration. 

4.2.3 Disease Detection Module 

The disease detection module is the core of this system. The main function of the disease detection 
module is to detect strawberry anthracnose on the images uploaded by users, and the system will give 
the final results and visualize the final results. Firstly, the HTML page transfers the uploaded images 
to the Servlet layer of the server, and then the Servlet calls the Python disease detection program to 
pick up the strawberry anthrax test and transfer the test results to the page. 

4.2.4 Visualization Module 

The visualization module mainly visualizes the disease detection results, and the Python program 
called by the servlet layer detects the uploaded photos and returns the results to an interface for 
displaying the results back.  
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4.2.5 Administrator Module 

The functions of the administrator module are mainly in the operation of the interface and database. 
Firstly, the administrator logs into the system, then enters the background interface, and can modify 
and update the interface content and layout method; when the administrator enters the database, he 
can view and upload and collect the pictures in the database, and when the data stored in the database 
changes, the database will update the stored data. 

5. Summary 

In this paper, we started the algorithm research and system development from plant disease detection, 
taking plant anthracnose as an example. The disease detection model with six classifiers such as SVM 
for plant diseases was designed, and the accuracy comparison was conducted to obtain the higher 
detection accuracy among them, and the plant disease detection system was designed and 
implemented. In the process of system development used SSM framework, springboot framework 
and jsp related knowledge theory, the main work is as follows. 

1) Studied the research status in this field at home and abroad, obtained hyperspectral datasets from 
agricultural colleges, and used algorithms to obtain spectral feature fingerprints, designed and 
implemented plant disease detection models, and used six classifiers for comparative analysis, and 
concluded the advantages of SVM and ELM with high accuracy and the feasibility of using spectral 
feature fingerprints as input in detecting plant diseases. 

2) A system requirements analysis was conducted to determine the functional modules and 
corresponding tasks of each part of the system, and the plant disease detection system was designed 
and implemented. The system contains: front-end visualization module, login and registration module, 
disease detection module, and administrator module. 

3) python and java front-end and back-end development were used to combine the detection model 
with the system, and the system was verified to be in good running condition through black box 
testing. 

References 
[1] Shao M.Y., Zhang J.H., Feng Q., Chai X.J., Zhang N., Zhang W.R.. Research progress of deep learning 

in plant foliar disease detection and identification [J/OL]. Smart Agriculture (in Chinese and English):1-
19 [2022-04-02]. http://kns.cnki.net/kcms/detail/10.1681.S.20220219.1028.006.html. 

[2] Wu Zexiang,Zhao J,Hu X. Plant disease detection based on feature fusion and SVM [J]. Computer 
Programming Skills and Maintenance,2022(02):39-41.DOI:10.16184/j.cnki.comprg.2022.02.052. 

[3] Liu Z-Xi, Li H-Xiang, Feng A, Du Z-Xiong, Ni M. Novel research on plant disease identification in 
complex environments[J]. Computer Technology and Development,2021,31(11):202-207. 

[4] Zhu Jiang,Hu Xin,Wei Pengfei. Research on the detection system of electric bicycle centralized charge 
controller[J]. China Inspection and Testing, 2022,30(01):8-12. DOI:10.16428/j.cnki.cn10-1469/ tb.2022. 
01.002. 

[5] Hu G. Automatic fault detection system for fuel dispensers [J]. China Metrology,2021(12):82-83. DOI:10. 
16569/j.cnki.cn11-3720/t.2021.12.037. 

[6] Huang F R, Zhou Y X, Zheng H P, Chen J Z, Xiong Z Z, Liu N H. Rapid detection of copper stress in 
Brassica napus based on hyperspectral imaging technology[J]. Modern Agricultural Equipment,2022,43 
(01):17-23. 

[7] Li Junru, Ma Yingmei, Fan Xinmei. Design of information management database based on computer 
technology [J]. Information and Computer (Theory Edition),2022,34(03):159-161. 

[8] Zhang Kun, Zhang Yunxia, Sun Quanjian. Research on the principles and problems of computer software 
database design [J]. Electronic Technology and Software Engineering,2022(01):168-171. 

[9] Fan Lijuan. Occurrence and control of strawberry diseases[J]. Seed Science and Technology,2019, 37(10): 
116+120. 



International Core Journal of Engineering Volume 8 Issue 6, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202206_8(6).0111

 

846 

[10] Xia Shuye,Niu Zhitao. Occurrence and integrated control technology of strawberry diseases[J]. Jilin 
Vegetable,2018(03):33-34.DOI:10.16627/j.cnki.cn22-1215/s.2018.03.021. 

[11] Wang L, Zhang O, Huang JH, Qu JH, Zhao CM, Zhang ZL. Micro camera detection technology based on 
hyperspectral imaging technology[J]. Applied Optics,2021,42(06):1107-1114. 

[12] Xu M.Y., Zhao N., Zhao Y. Occurrence and control of strawberry anthracnose[J]. Shanghai Vegetable, 
2018(01):65-67. 

[13] Tang H., Meng X. T., Su Z. X., Ma T., Liu H. J., Bao Y. L., Zhang M. W., Zhang X. L., Huo H. Z.. 
Hyperspectral prediction of different types of soil organic matter based on CARS algorithm[J]. Journal of 
Agricultural Engineering,2021,37(02):105-113. 

[14] Li XQ, Liu SHM, Li L, Jin YT, Fan WL, Wu LING. Automatic interpretation of spatial distribution of 
winter wheat based on RF algorithm for preferential multi-temporal features[J]. Journal of Agricultural 
Machinery,2019,50(06):218-225. 

[15] Wang Dan,Chai Xiujuan. Application of machine learning in plant disease identification research[J]. 
Chinese Journal of Agricultural Chemistry,2019,40(09):171-180.DOI:10.13733/j.jcam. issn.2095-5553. 
2019.09.30. 

 

 

 


