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Abstract

Small sample learning is an important research direction of machine learning. In the past decades,
many researches have been carried out on small sample learning. Aiming at the problem of insuf-
ficient original data accumulation and low character recognition accuracy of magnetic bar code of
check in some banks, a small sample character recognition method based on data enhancement is
proposed. A customized data enhancement scheme is designed through a small number of original
samples, which effectively solves the problem of cold start of small samples, improves the model
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generalization ability, and realizes the accurate recognition of magnetic bar codes. Through test-
ing, the recognition accuracy of this method is more than 95%.
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Figure 1. Modeling process design block diagram
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Figure 3. Magnetic bar code character set
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Figure 4. Four special characters in magnetic bar code
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Figure 5. Text image generation process
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Figure 6. ImageFusion improvements
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Figure 7. ImageFusion before and after improvement
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Table 1. Locate model datasets
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Figure 9. Faster RCNN model structure
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Figure 13. CRNN network structure
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Table 3. Identify model datasets
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Table 4. Recognition results of different methods on recognition data sets
4. FEIFEERABIBE LRGSR

CRNN (%) FasterRCNN + DCNN (%) SVM (%)
JR A6 HE & 38.81 17.87 41.91
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