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Abstract—The value-added tax(VAT) invoice pre-processing and text location technology are studied. Firstly, under
the condition of strictly protecting data privacy, preprocessing the collected paper VAT invoice images mainly includes
image tilt correction, grayscale, converting RGB images into HSV space, and noise and interference information. etc.
which can to eliminate, retain and enhance processing of important information in VAT invoices. After preprocessing,
image information that is easy to locate text is obtained. Secondly, the text localization method based on the connected
domain is used to locate the important information text of the preprocessed image, and the interference information
that has not been processed in the preprocessing stage is eliminated twice, so as to obtain the region information that
needs to be recognized by the text.
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