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Method for segmentation of cucumber leaf lesions based on improved full
convolution neural network

WANG Zhen, ZHANG Shan-wen, WANG Xian-feng
(College of Information Engineering , Xijing University, Xi'an 710123, China)

Abstract; To solve the problems of the traditional convolutional neural network (CNN) in the process of cucumber
leaf diseases image segmentation, such as long model training time, poor segmentation effect and easy to be affected by light
and background in the process of segmentation, a method for segmentation of cucumber leaf diseases based on improved
fully convolutional neural network was proposed. Firstly, in the initial stage of model training, traditional CNN was used to
obtain the contour features of the diseases image. In the process of training, activation function of rectified linear units ( RE-
LU) was replaced by the exponential linear unit (ELU). Secondly, the disease contour features obtained by the traditional
CNN were trained twice, and the batch normalization function was used to stabilize the model training process. Finally, the
SoftMax of the original CNN was replaced with support vector machine( SVM) , and the pixel classification result outputs by
the classifier were deconvolution operation to restore the image resolution and obtain the segmentation results. The segmenta-
tion experiment was carried out on the cucumber leaf image by using this research algorithm and others four algorithms in-
cluding improved OTSU, SVM, CRF and traditional FCN. The results showed that the average pixel segmentation accuracy
of this algorithm was 80.46% , and the average intersection ratio was 70.43% , which could accurately segment the diseased

parts in the leaves.
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Fig.1 Six kinds of cucumber diseased leaf images
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Fig.3 Deconvolution operation process
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tion methods
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