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A Lightweight Model for Irregular Scene Text Recognition

CHAN Shi-bing,LIU Ning-zhong , SHEN Jia—quan

(School of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics,Nanjing 211106, China)

Abstract ; Scene text recognition is a challenging task in recent years. Unlike regular document text image, the text in scene image has the
characteristics of changeable shape and bending, so it is quite difficult to recognize. A lightweight model for irregular scene text
recognition (ISTR-LW) is proposed. Different from the existing scene text recognition model , which has a large number of parameters,
we introduce the changed lightweight network PeleeNet into the feature sequence extraction of the model , which not only greatly reduces
the number of parameters of the model ,but also speeds up the network prediction. The Dense Block module is introduced to obtain the
label distribution in the recurrent neural network,which greatly accelerates the convergence of the network. The attention mechanism is
introduced to obtain the final recognition results, which improves the accuracy of model text recognition. The thin — plate spline
transformation improves the low accuracy rate of irregular text by correcting irregular text. ISTR-LW model is an end—to—end text rec-
ognition model. Experiments are carried out on Synth90k, Street View Text,ICDAR and other public data sets to obtain better results.
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