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Technology of multi-category legal currency identification under multi-light
conditions based on AlexNet
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Abstract: Based on the difference of local characteristics of legal currency under different illuminations, this
paper studies a multi-category legal currency recognition technology based on AlexNet. Firstly, the
characteristics of legal currency images under natural light and ultraviolet light are analyzed. It is pointed out
that the legal currency presents different fetures and patterns under different illuminations. Secondly, the
AlexNet neural network model and the AlexNet migration learning method for legal currency identification are
analyzed. Finally, On the image sample library of different currencies under 30 kinds of illumination, the image
recognition experiment is carried out, and the accuracy of currency image recognition reaches 100%, which
accurately realizes the functions of distinguishing the kinds of currency, lighting conditions, denomination and
front and back currency images. Compared with the currency image recognition method, the workload of
manually extracting image features can be reduced, and the utility model has the advantages of good versatility
and high accuracy.
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