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Application research on convolutional neural network for cucumber leaf
disease recognition

ZHANG Shan-wen, XIE Ze-qi, ZHANG Qing-qing
(SIAS International University, Zhengzhou University, Zhengzhou 451150, China)

Abstract:  Focused on the problem of the traditional cucumber disease recognition methods that the extracted classif-
ying features were more susceptible to diversity of the diseased leaf image, illumination and background, a cucumber dis-
ease recognition system was proposed based on convolutional neural network (CNN), and a cucumber disease leaf image
database that contained more than 155 000 training images from six kinds of leaf diseases was established. Duo to the com-
plexity of cucumber leaf images, the method of CNN was used to learn the recognition features adaptively from the database,
and cucumber diseases were classified by Softmax classifier. Experimental results showed that the proposed method could a-
chieve better performance in terms of classification than the traditional feature extraction based cucumber disease recognition

methods.
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Fig.1 Six kinds of cucumber diseased leaf images
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Fig.2 The model of cucumber disease recognition based on deep convolutional neural network
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