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Abstract: A detection framework consisting of two sub—networks, text detection network based on relational prediction

(RPTNet) is proposed to solve the problem of error detection caused by curved and dense texts in the text detec-
tion task of commodity packaging images. In the text component detection network, local and global features are
extracted using a parallel downsampling structure of convolutional neural network and self-attention. A dilated
feature enhancement module (DFM) is added to the downsampling structure to reduce the information loss of the
deep feature maps. The feature pyramid network is combined with the multi —level attention fusion module
(MAFM) in upsampling structure to enhance the connections between different features and the text detector de-
tects the text components from the upsampled feature maps. In the link relational prediction network, a relational
reasoning framework based on graph convolutional network is used to predict the deep similarity between the text
component and its neighbors, and a bi—directional long short—term memory network is used to aggregate the text
components into text instances. In order to verify the detection performance of RPTNet, a text detection dataset
CPTD1500 composed of commodity packaging images is constructed. The test results show that the effectiveness
of the proposed RPTNet is verified by two publicly available text datasets, CTW-1500 and Total -Text. And the
recall and F value of RPTNet on CPTD1500 are 85.4% and 87.5%, respectively, which are superior to current
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mainstream algorithms.

Key words: text detection; convolutional neural network; self-attention; feature fusion; graph convolutional network ; bi—di-

rectional long short-term memory network
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Tab.l Number of text instances in training set and test set of
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Fig.7 Annotation examples of CPTD1500
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Tab.2 Results of ablation experiments on CPTD1500 and Total-Text

CPTD1500 %4 Total-Text ZyE4E
BT DFM MAFM GCN+BIiLSTM

Pl% RI% FI% Pl% RI% FI%
ResNet VvV vV vV 87.05 84.04 85.52 87.85 83.88 85.82
Swin Y VvV vV 87.14 83.49 85.28 87.71 83.74 85.68
ResNet+Swin x x x 83.77 82.91 83.34 85.24 80.71 82.91
ResNet+Swin Vv x x 84.03 83.32 83.67 85.87 81.19 83.46
ResNet+Swin Y vV x 84.71 82.96 83.83 86.28 81.04 83.58
ResNet+Swin x x Vv 87.69 83.47 85.53 88.11 84.23 86.13
ResNet+Swin x vV vV 88.45 84.13 86.41 88.87 84.79 86.78
ResNet+Swin V x 2 88.13 84.56 86.31 88.48 85.03 86.72
ResNet+Swin(ours) Vv vV Vv 88.94 84.53 86.67 89.05 85.14 87.05
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Fig.8 Loss curves for different models on CPTD1500
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Fig.9 Visualisation results of RPTNet on CTW-1500
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Tab.3 Results of comparison experiments on different datasets

. CTW-1500 Total-Text PTD1500
ik Pl% R/% FI% v/fps Pl% RI% FI% vlfps Pl% R/% FI% v/fps
LOMO! 85.7 76.5 80.8 4.4 87.6 79.3 83.3 4.4 88.8 78.1 83.1 4.4
SegLink++"¥! 82.8 79.8 81.3 7.1 82.1 80.9 81.5 — 85.1 81.7 83.4 6.9
TextField™! 83.0 79.8 81.4 6.0 81.2 79.9 80.6 5.9 83.2 81.7 82.4 4.7
MSR™ 85.0 78.3 81.5 4.3 73.0 85.2 78.6 4.3 85.3 79.8 82.5 4.3
PSENet!"! 84.1 79.0 82.2 3.9 84.0 78.0 80.9 3.9 85.8 80.7 83.2 4.2
CRAFT!" 86.0 81.1 83.5 — 87.6 79.9 83.6 — 88.1 82.1 85.0 —
ABPNet®! 87.7 80.6 84.0 12.0 90.7 85.2 87.9 10.5 88.7 81.9 85.2 10.9
ABCNet v2*! 85.6 83.8 84.7 10.0 90.2 84.1 87.0 10.0 86.8 84.7 85.7 10.0
PCRBY 87.2 82.3 84.7 11.8 88.5 82.0 85.2 13.4 89.2 83.2 86.1 11.2
FCE™ 87.6 83.4 85.5 — 89.3 82.5 85.8 — 90.1 84.1 87.0 —
ARSI 87.9 84.1 86.0 12.7 90.1 86.1 88.1 12.1 89.8 85.4 87.5 11.2
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