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Towards Accurate Price Tag Recognition Algorithm With Multi-task RNN
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Abstract In order to promote the development of smart new retail in the offline scenario and improve the recogni-
tion accuracy of price tags, which is a key sales information, this paper studies this application scene to improve the
recognition accuracy effectively of the price tag and solves the difficulty of locating decimal point. The deep semant-
ic expression features of price tag are extracted by the deep convolutional neural network, sent to the multi-task re-
current network layer for encoding, and then the price number is decoded according to the attention mechanism of
the decoding network, and finally the results of multiple branches are integrated to output the complete price. The
method we proposed can effectively improve the price recognition accuracy in the smart new retail scenario and
solve some challenge problems such as locating the position of decimal point. In addition, in order to verify the uni-
versality of the method, comparative experiments are carried out on datasets of other scenarios, and the related res-
ults also verify the effectiveness of the method in this paper.
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Table 1  Study of modules (%)

Model General-data Hard-data
VGG-BiLSTM-CTC 50.20 20.20
VGG-BILSTM-Attn 61.20 38.60

ResNet-BiLSTM-CTC 55.60 28.80
ResNet-BiLSTM-Attn 68.10 41.40
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Table 2 Results of multitask model (%)
Model General-data Hard-data
Baseline!"! 68.10 41.40
NDPB&IB 90.10 72.90
NDPB&DB 91.70 74.30
IB&DB 92.20 73.20
NDPB&IB&DB 93.20 75.20
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Table 3  Experimental results on license plate dataset (%)
DB FN  Rotate Tilt Weather Challenge
TE2E" 96.90 9430 90.80  92.50 87.90 85.10
ccppM 96.90 94.30 90.80  92.50 87.90 85.10
Our method 98.24 98.81 98.12 98.79 98.19 91.92
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