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A General CAPTCHA Recognition Algorithm Based on Image Segmentation
BAT Peirui, WANG Jinbo, DING Guomei

(College of Electronics, Communication and Physics, Shandong University of

Science and Technology, Qingdao, Shandong 266590, China)

Abstract; In this paper, a general CAPTCHA character recognition method based on image segmentation is proposed
based on a convolutional neural network, aiming to enhance the poor image recognition performance due to adhesion,
distortion and interference noise. First, the threshold selection strategy of traditional Otsu threshold segmentation
algorithm was improved, and a new Otsu method based on local optimal threshold segmentation algorithm was pro-
posed to binarize the CAPTCHA image. Second, a complex character segmentation method with improved fusion
character integral projection characteristics was used for the second division of the characters in the presence of adhe-
sion. Finally, the individual characters of the segmentation were normalized and input directly into the LeNet-5
model based on the convolutional neural network for training and recognition, and the recognition results were out-
put. The experimental results of a large number of CAPTCHA images collected from the Internet show that with a
higher recognition rate and adaptability in recognizing CAPTCHAs with adhesion, distortion and interference noise,
the proposed method can effectively overcome the exclusiveness and limitations of classical methods in recognizing
different kinds of CAPTCHAs.
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Tab.1 Comparison of the two binarization segmentation method
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Tab. 2 Computation cost of the two binarization segmentation methods
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Fig. 3 Segmentation results demonstration of a sample character image
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Tab. 4 Results of main steps of the proposed method for different CAPTCHASs’ images
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Tab.5 Statistical data of different CAPTCHASs’ recognition experiments
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