Scene Text Recognition via a Modified CRNN Model
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process further improve the recognition Ereodng (O recognition accuracy on scene text.
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- I competitive compared with the traditional
Motivation Comvolutional : Convolutional feature maps CIRNNCIE (iiee s
. c Layers
Huge challenges: complicated background, y \ Reference

unbalanced illumination, arbitrary lengths, STATE [nputlmage

occluded text, and character segmentation. L . [1] B. Shi, X. Bai and C. Yao, “An End-to-End Trainable Neural Network for
. OPtlmlzaUO” of loss function Image-Based Sequence Recognition and Its Application to Scene Text
Methods: RN N_based, attentlon—based, Ianguage Connectionist Temporal Classification (CTC) Recognition,” in IEEE Transactions on Pattern Analysis and Machine Intelligence,
model, Semantic information’ multi_object Welght normalization vol. 39, no. 11, pp- 2298-2304, 1 Nov. 2017, doi: 10.1109/TPAMI.2016.26463.
network. end-to-end architecture Angle loss function [2] A. Graves, “Supervised sequence labelling”, in Supervised sequence labelling
’ ’ .. ith t | networks, Springer, 2012, p.
CRNN, an classic and popu[ar approach for Pre_tramlng process \[A;I] X.rfélc;erl:egndn?rljef]fE\:;:)r?ngzzgileersiamespe representation learning”, in
image-based sequence recognition el g Speed Data augmentation Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
) ’ “CNN+Transformer”+MLP Recognition, 2021, pp. 15750~1.
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Results
Method [HT5K SVT  1C03  IC13 Method [NTS5K SVT  1C03 1C13
CRNN 78.2 80.8 89.4 86.7 EnEsCTC 82.0 80.6 92.0 90.6
CRNN+Transformer 8290 81.72 90.66 88.96 ACE(1D, Cross Entropy) 82.3  82.6 92.1 89.7
CRNN+Transformer+Weight Normalization 83.57 82.69 91.23 89.06 Reinterpreting CTC 81.1 822 912 877
Our method (CRNN+Transformer+Weight Normalization+Pre-training) 83.40 83.15 91.69 90.34 Our method 83.40 83.15 91.69 90.34
(a) Results of Our Proposed Network (b) Comparison with Mainstream Networks
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