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Abstract

In view of the difficulty in the identification of bank card numbers in natural environment, this
paper proposes a method for the identification of bank card Numbers based on deep learning. The
method is divided into two steps: the location of the bank card number and the identification of
the card number after location. The data model of CTPN neural network was used for the location
of card number area, and ICDAR2015 was used for the data of training set. The CRNN neural net-
work was used to train the data model to locate the bank card number, and finally the card num-
ber digital recognition was completed. This method adopts end-to-end positioning and recogni-
tion of the bank card number line, which can automatically adapt to the tilt of the picture, and has
good adaptability to the identification of bank card number in natural environment.
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Figure 1. Structure diagram of CTPN network
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(1) self.cnn = nn.Sequential()

(2) self.cnn.add _module(‘VGG_16', VGG _16())

(3) self.rnn = nn.Sequential()

(4) self.rnn.add_module('im2col', img2col.Im2col((3, 3), (1, 1), (1, 1)))
(5) self.rnn.add_module('blstm', BLSTM(3 * 3 * 512, 128))

(6) self. FC = nn.Conv2d(256, 512, 1)

(7) self.vertical coordinate = nn.Conv2d(512, 2 * 10, 1)

(8) self.score = nn.Conv2d(512, 2 * 10, 1)

(9) self.side_refinement = nn.Conv2d(512, 10, 1)
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Figure 2. Change diagram of training process loss function
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Figure 3. CRNN network structure diagram
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Figure 4. Graph of train loss function and validation accuracy change
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Figure 5. Detector of printed bank card number
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Figure 6. Detector of concave and convex body bank card number
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Figure 7. Recognizer of printed bank card number
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Figure 8. Recognizer of concave and convex body bank card number
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