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Abstract

In recent years, due to the successful exploration of the inherent synergistic effect of scene text
detection and recognition, end-to-end scene text recognition has attracted great attention. How-
ever, the most recent state-of-the-art methods usually only combine detection and recognition by
sharing backbones, and these methods cannot handle scene text well due to extreme variations in
scale and aspect ratio. In this paper, we propose a new end-to-end scene text recognition frame-
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work called ES-Transformer. Unlike previous methods that learn scene text in a holistic way, our
approach performs scene text recognition based on several representative features, which avoids
background interference and reduces computational cost. Specifically, we use a basic feature py-
ramid network for feature extraction, and then we employ Swin-Transformer to model the rela-
tionships between the sampled features, effectively partitioning them into reasonable groups. By
improving recognition accuracy and reducing computational complexity, ES-Transformer no longer
relies on complex post-processing modules. Qualitative and quantitative experiments on Chinese
datasets show that ES-Transformer outperforms existing methods.
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Figure 1. The main recognition objects of this paper (25,000 signboard images)
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Figure 2. Framework of character recognition model based on ES-Transformer
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Figure 3. Model framework based on Swin Transformer
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Figure 4. A framework for calculating self-attention based on moving windows
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Table 1. The evaluation results of different attention mechanisms (precision,
recall rate, F1) on the ICDAR’19-ReCTs data set. The bold value in each col-
umn represents the best value (the same below).
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Attention mechanism precision Recall F1
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Table 2. Evaluation results of different models (precision, recall rate, F1) on the
ICDAR’19-ReCTs data set

F< 2. 7£ ICDAR’19-ReCTs HiE&E LA EHERMITMEER(BE . BREIZE., F1)

it precision Recall F1
EAST 73.7 74.3 74.0
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4.3, jERhSCIE

Table 3. Evaluation results of ablation experiment on ICDAR’19-ReCTs data set (precision, recall rate, F1)
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Model Resnet 50 Efficient-Net ~ CoordConv Top N Furture precision Recall F1
Model 1 N 81.4 82.1 81.7
Model 2 N 83.2 84.1 83.6
Model 3 N, N, 83.6 84.3 84.0

Ours N, N, N, 88.3 90.1 89.7
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Figure 5. Text recognition results on ICDAR’19-ReCTs data set
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