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Abstract: Traditional crop disease identification methods that rely on manual experience are not com-
pletely suitable for large-scale growing environments, and it is an urgent to find new solutions. In recent
years, with the fruitful achievements of artificial intelligence (Al) technologies in many fields, it has
been used in crop disease identification and achieved exciting progresses. In order to gain an in-depth
understanding of the progresses of Al in crop disease identification tasks, this paper mainly analyzes the
application of Al in crop disease identification from two perspectives: conventional machine learning
methods and deep learning methods. The technical theory of these methods, main workflow, application
status, advantages and disadvantages of the two methods are also investigated respectively. The trend of
crop disease identification in the future is also foreseen at the same time.
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Fig. 1 Main branches of artificial intelligence and machine learning methods
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Fig. 2 Main processes of crop disease identification based on conventional machine learning
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Fig. 3 Main processes of crop disease identification based on deep learning technology
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(2021) 42 H R ™ FE AR AL TR A, (AR —3R
()2, FE 7% sl 2o e AR GEIREE 2 I B i T
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REIK 98.75% . BLAMT RS 2] iR 16 3 i S5 E
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A Z B VEY R R R A T b AR AR Al BT
LRI TR T 1

2 # 3L W (References)

Abbas A, Jain S, Gour M, Vankudothu S. 2021. Tomato plant disease
detection using transfer learning with C-GAN synthetic images.
Computers and Electronics in Agriculture, 187: 106279

Ahmad Loti NN, Mohd Noor MR, Chang SW. 2021. Integrated analy-
sis of machine learning and deep learning in chili pest and dis-
ease identification. Journal of the Science of Food and Agricul-
ture, 101(9): 3582-3594

Araujo JMM, Peixoto ZMA. 2019. A new proposal for automatic iden-
tification of multiple soybean diseases. Computers and Electron-
ics in Agriculture, 167: 105060

Atoum Y, Afridi MJ, Liu XM, McGrath JM, Hanson LE. 2016. On de-
veloping and enhancing plant-level disease rating systems in real
fields. Pattern Recognition, 53: 287-299

Barbedo JGA. 2018. Impact of dataset size and variety on the effective-
ness of deep learning and transfer learning for plant disease clas-
sification. Computers and Electronics in Agriculture, 153: 4653

Bengio Y, Courville A, Vincent P. 2013. Representation learning: a re-
view and new perspectives. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 35(8): 1798-1828

Bochie K, Gilbert MS, Gantert L, Barbosa MSM, Medeiros DSV,
Campista MEM. 2021. A survey on deep learning for challenged
networks: applications and trends. Journal of Network and Com-
puter Applications, 194: 103213

Chen JD, Chen JX, Zhang DF, Sun YD, Nanehkaran YA. 2020. Using
deep transfer learning for image-based plant disease identifica-
tion. Computers and Electronics in Agriculture, 173: 105393

Chen TT, Zhang JL, Chen Y, Wan SB, Zhang L. 2019. Detection of pea-
nut leaf spots disease using canopy hyperspectral reflectance.
Computers and Electronics in Agriculture, 156: 677-683

Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Houlsby N.
2020. An image is worth 16X16 words: transformers for image
recognition at scale. arXiv, https://doi.org/10.48550/arXiv.2010.
11929

Drucker H, Wu DH, Vapnik VN. 1999. Support vector machines for
Spam categorization. IEEE Transactions on Neural Networks, 10
(5): 1048-1054

Farber C, Mahnke M, Sanchez L, Kurouski D. 2019. Advanced spectro-
scopic techniques for plant disease diagnostics: a review. TrAC
Trends in Analytical Chemistry, 118: 43-49

Feng L, Wu BH, Zhu SS, Wang JM, Su ZZ, Liu F, He Y, Zhang C.
2020. Investigation on data fusion of multisource spectral data
for rice leaf diseases identification using machine learning meth-

ods. Frontiers in Plant Science, 11: 577063



14 SRR ST BRIV E I U 5 323

Ferentinos KP. 2018. Deep learning models for plant disease detection
and diagnosis. Computers and Electronics in Agriculture, 145:
311-318

Fine Grained Visual Cat. 2021. Plant Pathology 2021-FGVCS. https:/
www.kaggle.com/c/plant-pathology-2021-fgvc8

Foster TM, Bassil NV, Dossett M, Leigh Worthington M, Graham J.
2019. Genetic and genomic resources for Rubus breeding: a
roadmap for the future. Horticulture Research, 6: 116

Gu JX, Wang ZH, Kuen J, Ma LY, Shahroudy A, Shuai B, Liu T, Wang
XX, Wang G, Cai JF, et al. 2018. Recent advances in convolu-
tional neural networks. Pattern Recognition, 77: 354-377

He KM, Zhang XY, Ren SQ, Sun J. 2016. Deep residual learning for
image recognition. 2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Las Vegas: IEEE, pp. 770-778

Huang G, Liu Z, van der Maaten L, Weinberger KQ. 2017. Densely
connected convolutional networks. 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Honolulu:
IEEE, pp. 2261-2269

Hughes DP, Salathé M. 2015. An open access repository of images on
plant health to enable the development of mobile disease diag-
nostics through machine learning and crowdsourcing. arXiv,
https://doi.org/10.48550/arXiv.1511.08060

Indrakumari R, Poongodi T, Khaitan S, Sagar S, Balamurugan B. 2021.
A review on plant diseases recognition through deep learning.//
Balas VE, Mishra BK, Kumar R. Handbook of deep learning in
biomedical engineering. Academic Press, pp. 219-244

Ishengoma FS, Rai IA, Said RN. 2021. Identification of maize leaves
infected by fall armyworms using UAV-based imagery and con-
volutional neural networks. Computers and Electronics in Agri-
culture, 184: 106124

Jiang F, Lu Y, Chen Y, Cai D, Li GF. 2020. Image recognition of four
rice leaf diseases based on deep learning and support vector ma-
chine. Computers and Electronics in Agriculture, 179: 105824

Jiang LX, Zhang H, Cai ZH. 2009. A novel Bayes model: hidden naive
Bayes. IEEE Transactions on Knowledge and Data Engineering,
21(10): 1361-1371

Jiang ZC, Dong ZX, Jiang WP, Yang YZ. 2021. Recognition of rice
leaf diseases and wheat leaf diseases based on multi-task deep
transfer learning. Computers and Electronics in Agriculture, 186:
106184

Jin N, Huang WJ, Ren Y, Luo JH, Wu YL, Jing YS, Wang DY. 2013.
Hyperspectral identification of cotton Verticillium disease sever-
ity. Optik, 124(16): 2569-2573

Karlekar A, Seal A. 2020. SoyNet: soybean leaf diseases classification.
Computers and Electronics in Agriculture, 172: 105342

Krizhevsky A, Sutskever I, Hinton GE. 2017. ImageNet classification
with deep convolutional neural networks. Communications of
the ACM, 60(6): 84-90

Li B, Zhang DP, Shen Y. 2020. Study on terahertz spectrum analysis
and recognition modeling of common agricultural diseases.
Spectrochimica Acta Part A: Molecular and Biomolecular Spec-
troscopy, 243: 118820

Li HD, Li JC, Guan XM, Liang BH, Lai YT, Luo XL. 2019. Research
on overfitting of deep learning. 2019 15th International Confer-
ence on Computational Intelligence and Security (CIS). Macao:
IEEE, pp. 78-81

Li LL, Zhang SJ, Wang B. 2021. Plant disease detection and classifica-
tion by deep learning: a review. IEEE Access, 9: 56683-56698

Li Y, Nie J, Chao XW. 2020. Do we really need deep CNN for plant
diseases identification? Computers and Electronics in Agricul-
ture, 178: 105803

Liu N, Wang H. 2010. Ensemble based extreme learning machine.
IEEE Signal Processing Letters, 17(8): 754-757

Liu S. 2019. Research on multi-cycle extraction and combination iden-
tification of hyperspectral information of fusarium head blight in
wheat. Master thesis. Changchun: Chinese Academy of Sciences
(in Chinese) [X3€. 2019. /NAZ AR B 5 61 15 S8 2GR HR L
R A RIS a2 Aag s KR R b

Liu Y. 2021. Pant disease recognition and severity assessment in mo-
bile phone. Master thesis. Lanzhou: Gansu Agricultural Univer-
sity (in Chinese) [XI¥ . 2021, FHLmAE IR IR 55 7 AL
LT 15 o VA 0 W= )| ERN E 7 8 |

Ma C, Yuan T, Yao XF, Ji YB, Li LY. 2019. Study on image recognition
method of rice disease in field based on HOG+SVM. Acta Agri-
culturae Shanghai, 35(5): 131-136 (in Chinese) [ 8, 7 ¥, bk
FERE, FEAT R, ZEHR— . 2019, 3T HOG+SVM 19 H ] /K A5
TN ki oe . Bifpfaolr2#47, 35(5): 131-136]

Maheswaran U, Babu Kallam R, Arathi B, Prawan K, Anitha G. 2021.
Efficient plant leaf disease identification Material Fabrication us-
ing lightweight device. Materials Today: Proceedings, 47: 381-
386

Makerere University Al Lab. 2021. Cassava leaf disease classification.
https://www.kaggle.com/c/cassava-leaf-disease-classific- ation

Manavalan R. 2020. Automatic identification of diseases in grains
crops through computational approaches: a review. Computers
and Electronics in Agriculture, 178: 105802

Neelakantan P. 2021. Analyzing the best machine learning algorithm
for plant disease classification. Materials Today: Proceedings,
https://www. sciencedirect. com/science/article/pii/S221478532-
1052172

Nguyen TT, Nguyen ND, Nahavandi S. 2020. Deep reinforcement
learning for multiagent systems: a review of challenges, solu-
tions, and applications. IEEE Transactions on Cybernetics, 50
(9): 3826-3839

Nigam A, Tiwari AK, Pandey A. 2020. Paddy leaf diseases recognition
and classification using PCA and BFO-DNN algorithm by image
processing. Materials Today: Proceedings, 33: 4856-4862

Picon A, Seitz M, Alvarez-Gila A, Mohnke P, Ortiz-Barredo A, Echaz-
arra J. 2019. Crop conditional Convolutional Neural Networks
for massive multi-crop plant disease classification over cell
phone acquired images taken on real field conditions. Computers
and Electronics in Agriculture, 167: 105093

Safavian SR, Landgrebe D. 1991. A survey of decision tree classifier

methodology. IEEE Transactions on Systems, Man, and Cyber-



324 iR/ B A= S 1 494

netics, 21(3): 660-674

Salas J, de Barros Vidal F, Martinez-Trinidad F. 2019. Deep learning:
current state. IEEE Latin America Transactions, 17(12): 1925-
1945

Sethy PK, Barpanda NK, Rath AK, Behera SK. 2020. Deep feature
based rice leaf disease identification using support vector ma-
chine. Computers and Electronics in Agriculture, 175: 105527

Shao L, Zhu F, Li XL. 2015. Transfer learning for visual categoriza-
tion: a survey. IEEE Transactions on Neural Networks and
Learning Systems, 26(5): 1019-1034

Simonyan K, Zisserman A. 2014. Very deep convolutional networks
for large-scale image recognition. arXiv, https://doi.org/10. 48550/
arXiv.1409.1556

Singh V, Sharma N, Singh S. 2020. A review of imaging techniques for
plant disease detection. Artificial Intelligence in Agriculture, 4:
229-242

Sujatha R, Chatterjee JM, Jhanjhi N, Brohi SN. 2021. Performance of
deep learning vs machine learning in plant leaf disease detection.
Microprocessors and Microsystems, 80: 103615

Sun YY, Jiang ZH, Zhang LP, Dong W, Rao Y. 2019. SLIC SVM
based leaf diseases saliency map extraction of tea plant. Comput-
ers and Electronics in Agriculture, 157: 102-109

Szegedy C, loffe S, Vanhoucke V. 2016b. Inception-v4, inception-
ResNet and the impact of residual connections on learning.
arXiv, https://doi.org/10.48550/arXiv.1602.07261

Szegedy C, Vanhoucke V, Toffe S, Shlens J, Wojna Z. 2016a. Rethink-
ing the inception architecture for computer vision.//2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR). Las Vegas: 2818-2826

Temniranrat P, Kiratiratanapruk K, Kitvimonrat A, Sinthupinyo W, Pa-
tarapuwadol S. 2021. A system for automatic rice disease detec-
tion from rice paddy images serviced via a Chatbot. Computers
and Electronics in Agriculture, 185: 106156

Thaiyalnayaki K, Joseph C. 2021. Classification of plant disease using
SVM and deep learning. Materials Today: Proceedings, 47: 468—
470

Thangaraj R, Anandamurugan S, Pandiyan P, Kaliappan VK. 2021. Ar-
tificial intelligence in tomato leaf disease detection: a compre-
hensive review and discussion. Journal of Plant Diseases and
Protection, https://doi.org/10.1007/ s41348-021-00500-8

Too EC, Li YJ, Kwao P, Njuki S, Mosomi ME, Kibet J. 2019b. Deep
pruned nets for efficient image-based plants disease classifica-
tion. Journal of Intelligent & Fuzzy Systems, 37(3): 4003-4019

Too EC, Li YJ, Njuki S, Liu YC. 2019a. A comparative study of fine-
tuning deep learning models for plant disease identification.
Computers and Electronics in Agriculture, 161: 272-279

Wang G, Wang JX, Sun Y. 2020. Lightweight plant disease recognition
model for edge computing. Journal of Zhejiang A & F Univer-
sity, 37(5): 978-985 (in Chinese) [T 5e, T 7T, FME . 2020. 1A
] AT B R R T IR Y . T AR 274,

37(5): 978-985]

Wang JN, Jiang H, Chen QS. 2021. High-precision recognition of
wheat mildew degree based on colorimetric sensor technique
combined with multivariate analysis. Microchemical Journal,
168: 106468

Wang P, Zhang Y, Jiang BR, Hou JY. 2020. An maize leaf segmentation
algorithm based on image repairing technology. Computers and
Electronics in Agriculture, 172: 105349

Wang XF, Han YW, Leung VCM, Niyato D, Yan XQ, Chen X. 2020.
Convergence of edge computing and deep learning: a compre-
hensive survey. IEEE Communications Surveys & Tutorials, 22
(2): 869-904

Wu JH, Zheng H, Zhao B, Li YX, Wang YG. 2017. Al challenger: a
large-scale dataset for going deeper in image understanding.//
2019 IEEE International Conference on Multimedia and Expo.
Shanghai, pp. 1480-1485

Xiao MH, Deng ZA, Ma Y, Hou SS, Zhao SQ. 2019. Ratings of rice
leaf blast disease based on image processing and stepwise regres-
sion. Applied Engineering in Agriculture, 35(6): 1037-1043

Yan X, Talbot NJ. 2016. Investigating the cell biology of plant infec-
tion by the rice blast fungus Magnaporthe oryzae. Current Opin-
ion in Microbiology, 34: 147-153

Yang N, Yu JJ, Wang AY, Tang J, Zhang RB, Xie LL, Shu FY, Kwa-
bena OP. 2020. A rapid rice blast detection and identification
method based on crop disease spores’ diffraction fingerprint tex-
ture. Journal of the Science of Food and Agriculture, 100(9):
3608-3621

Yu K, Jia L, Chen YQ, Xu W. 2013. Deep learning: yesterday, today,
and tomorrow. Journal of Computer Research and Development,
50(9): 1799-1804 (in Chinese) [Ax L, 55 7%, BRI o, 4R 16 .
2013, PPEEE 2 IIER A RABR TR 5 &%, 50
(9): 1799-1804]

Zhang N, Yang GJ, Pan YC, Yang XD, Chen LP, Zhao CJ. 2020. A re-
view of advanced technologies and development for
hyperspectral-based plant disease detection in the past three de-
cades. Remote Sensing, 12(19): 3188

Zhang Q, Sun BY, Cheng YX, Li XJ. 2021. Residual self-calibration
and self-attention aggregation network for crop disease recogni-
tion. International Journal of Environmental Research and Public
Health, 18(16): 8404

Zhao JL, Fang Y, Chu GM, Yan H, Hu L, Huang LS. 2020. Identifica-
tion of leaf-scale wheat powdery mildew (Blumeria graminis f.
sp. tritici) combining hyperspectral imaging and an SVM classi-
fier. Plants (Basel, Switzerland), 9(8): 936

Zhao YQ, Qin F, Xu F, Ma JX, Sun ZY, Song YL, Zhao LL, Li JH,
Wang HG. 2019. Identification of Tilletia foetida, Ustilago
tritici, and Urocystis tritici based on near-infrared spectroscopy.
Journal of Spectroscopy, 2019: 9753829

(AR RIR )



