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Research of recognition of digital characters on vehicle license
based on caffe deep learning framework
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Abstract: In some license plate character recognitionoccasions, strong noises such as uneven cutting,
strong illumination contrast and occlusionare inevitable. To solve this problem effectively, a character
recognition algorithm based on Caffe deep learning framework was proposed in this paper. The convolu-
tional neural network was built in the Caffe framework, and the network parameters were trained to ob-
tain a network structurewith high accuracyandrobustness. Experiment results showed that the proposed-
algorithmhas obvious advantages, the average recognition ratewasabout 5% higher when compared with
the traditional digital character recognition method. And when there are strong noise pollution exists,
the recognition results are better.
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Fig.1 Flowchart of license plate recognition
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Fig. 6 Classification result
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