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Abstract; For text recognition of complex background images, the first thing to do is to locate the location of the target text, that is, text

detection. To let the text recognition rate is high, the accuracy of text detection requirements are quite high. The traditional RPN ( region

proposal network ) neural network has been very mature in the field of text detection, but the accuracy of RPN neural network in text

detection at the level of business license is not ideal. While the text detection model based on CTPN ( connectionist text proposal

network ) neural network significantly improves the accuracy of text detection at the level of business license, but the accuracy is far from

enough when applied to the project. We focus on the latest business license as the research object. Since the detected pictures are

susceptible to the influence of lighting and acquisition equipment,and the background of the business license is complex, it is highly chal-

lenging to accurately detect the location of the target text. The position of horizontal text in the business license is detected by the CTPN

neural network model,, which is marked by a rectangular box, that is,horizontal detection. The CTPN model of open source is based on

some data sets to train,so the text detection effect of business license is poor. We will use the 2 000 business license image as the experi-

mental data,the 10 000 iteration training CTPN model, to finally accurately detect the location of the target text in the business license for

the use of the project.
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