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New Research on Plant Disease Identification in Complex Environment

LIU Zi-xi,LI Hong—xiang ,FENG Ao,DU Zhi-xiong,NI Ming
(School of Information Engineering, Sichuan Agricultural University , Yaan 625014 , China)

Abstract; Disease is one of the main factors that threaten plant growth. With the development of smart agriculture, realizing the
identification of plant diseases in complex environments is the basis for more efficient prevention and control of plant diseases. Aiming at
the problem of leaf recognition in complex environments, we construct a new type of plant disease recognition model based on deep
learning algorithm and transfer learning model. Firstly,the RPN algorithm is trained on the leaf data set in the complex background to
realize the detection and positioning of the leaf, and then the Chan-Vese algorithm is used to segment the image to obtain the leaf
containing the features of diseased spots. Finally,input the segmented leaves into the transfer learning model trained on the diseased leaf
data set in a simple background to realize the recognition of plant diseases in a complex environment. Among the common plant leaf dis-
eases ,brown spot,downy mildew and gray mold are selected as examples for testing. It is showed that the average accuracy of the
proposed method is 90.4% ,which is much higher than that of the traditional ResNet—101 model. The accuracy rate is quite useful in the
application of plant disease identification in complex environments.
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