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[ Abstract] To solve the technical problem of low accuracy of character recognition caused by the low quality of character
collection in the process of optical character recognition (OCR), this paper proposes an OCR technology that combines traditional
methods with neural networks. This article aims at character recognition on the areas in the text image; firstly, the text image is
changed into a lossless bitmap file in which a series of preprocessing should be done, such as direction correction, denoising, and
character segmentation; then the file can be identified. Experiments show that the method we proposed reduces the data processing
load of OCR recognition and improves the recognition accuracy. It not only saves time and cost of hardware, but also can effectively

recognize dense and fuzzy text in text images.
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Fig. 3 Flow chart of traditional algorithm based on SVM
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