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Recognition of maize varieties based on convolutional neural network

XU Yan, LIU Lin, LI Zhong-yuan, GAO Zhao, LI Xiao-zhen
(College of Electronic Information Engineering, Shandong University of Science and Technology, Qingdao 266590, China)

Abstract: In order to overcome the shortcomings of artificial featur extraction in traditional algorithm, a maize varie-
ty recognition algorithm based on convolutional neural network was proposed in this study. Taking maize variety Denghai
518, Jundan 20 and Zhengdan 958 as the research objects, the data sets were created and classified with labels of 0, 1,
and 2. Keras learning framework was selected to build the network model, which included one input layer, five continuous
convolution pooling structures, three full connection layers and one output layer. The convolution layer extracted effective
feature information and transmitted it to the next layer with Leaky ReLU activation function. The output layer used Softmax
function to realize the identification of maize varieties. The prediction set was predicted by the completed training model.
The prediction results showed that the recognition rates of Denghai 518, Jundan 20 and Zhengdan 958 were 100. 00% ,
93.99% and 92.49% respectively, with an average recognition rate of 95.49%.
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Fig.1 Structure model of convolutional neural network
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Fig.2 Steps of building neural network by Keras
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Fig.3 Network structure and its parameters
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Table 1 Identification results of three maize varieties by convolu-

tional neural network ( CNN)
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Fig.4 Change curve of accuracy in the training of convolution-

al neural network
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Fig.5 Change curve of loss value in the training of convolu-

tional neural network
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Table 2 Recognition rate of this research method and traditional

algorithm
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