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CAPTCHA Recognition Based on Convolutional Neural Network
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2. School of Computer Science & Engineering, Wuhan Institute of Technology, Wuhan 430205, China

Abstract: Aiming at the limitations of character segmentation in traditional completely automated public turing
test to tell computers and humans apart (CAPTCHA) recognition we proposed an end-to-end convolutional
neural network to characterize and identify CAPTCHAs. Firstly, a whole CAPTCHA image was used as an
input, and then the convolutional neural network based on LeNet-5 was constructed to extract image features
layer by layer from low-level to high-level. Finally, the ReLU function was selected as activation function to
perform recognition task of CAPTCHA image. To study the effect of different factors on the recognition
accuracy, a control group was provided in the experiments. The testing results show that the proposed methos
realized the end-to-end recognition, thus avoiding the insufficiency caused by too many processes of
character segmentation method and achieving 99% recognition rate on the test set. It is found that the increase
of training times and the optimization of learning rate could improve the accuracy of convolutional neural
network.
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Tab.1  Parameters of each layer in CNN
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Tab.2 Recognition accuracy comparison under different
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