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Natural Scene Text Detection Algorithm Combining Multi-granularity Feature Fusion
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Abstract In natural scenes,text information usually has the characteristics of diversity and complexity. Due to the way of manua-
lly designing features,traditional natural scene text detection methods lack robustness,and the existing text detection methods
based on deep learning have the problem of losing important feature information in the process of extracting features in each layer
of the network. This paper proposes a natural scene text detection method combined with multi-granularity feature fusion. The
main contribution of this method is that by combining the features of different granularities in the general feature extraction net-
work and adding the residual channel attention mechanism,the model can pay more attention to the target feature information and
suppress useless information on the basis of fully learning the feature information of different granularities in the image,and this
method improves the robustness and accuracy of the model. The experimental results show that,compared with other latest me-

thods, the model has achieved 85. 3% accuracy and 82.53% F-value on public datasets,and has better performance.
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Fig. 1 Natural scene text detection model combining multi-granular

feature fusion
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Fig. 2 VGG-16 feature extraction network
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Fig. 4 TDMEF detects the effect on ICDAR dataset
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Table 1  Results of testing on ICDAR 2015 dataset

Method Recall Precision F-measure
Yao et al. 1% 0.5869 0.7226 0.6477
Tian et al, 1% 0.5156 0.7422 0.6085
Zhang et al. ['7J 0.4309 0.7081 0.5358
Zheng et al, (18] 0.6200 0.4000 0.4800
SegLink %) 0.7680 0.7310 0.7100
SSTDH 0.7300 0. 8000 0.7700
RRPN2 0.8400 0.7700 0.8000
EASTU 0.7831 0.8224 0.8022
TDMF 0.7992 0.8530 0.8253
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Table 2 Results of testing on ICDAR 2013 dataset

Method Recall Precision F-measure
Faster-RCNNL22! 0.7500 0.7100 0.7300
Text 2% 0.8500 0.6300 0.7200
Wang et al. (24 0.6500 0.8200 0.7400
2R NUS-! 0.7000 0.6600 0.6900
Yin et al, [26] 0. 6500 0.8400 0.7300
TDMF 0.6835 0.8320 0.7505
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Table 3 TDMF ablation experiment

Method Recall Precision F-measure
TDMF-RCAN 0.4786 0.3505 0.4047
TDMF-MF 0.5017 0.3539 0.4150
TDMF 0.7992 0.8530 0.8253
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