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End-to-end Verification Code Identification of Neural
Network Based on Progressive Learning

LIU Da-rong,ZHANG Yuan-ping, TANG Mao-bin, LI Fu—fang
(School of Computer and Education Software , Guangzhou University , Guangzhou 510006 , China)

Abstract ; For authentication code can’ t be measured by traditional character segmentation method after bending deformation,on the basis
of the progressive learning of imitating human, we put forward convolution neural network to optimize three layers network structure of
handwritten recognition MNIST , without prior segmentation for authentication code, directly identifying in the end-to—end to authentica-
tion code. The training images are recovered according to uncertainty to reduce the amount of training data,and the network recognition
performance is improved with visual tools. After training by 550 000 times, the detection model is generated and the verification code
from the test set is detected. The recognition speed of the verification code reaches 0. 073 seconds per piece,and the accuracy is 86% .
By contrast with the test set in the same test environment, it is found that the progressive learning method has higher modeling efficiency
and better recognition accuracy. The wrong verification code is analyzed.
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