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Research on the method of customs statement identification
based on attention mechanism

WAN Yan, LI Yifan, YAO Li

(College of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract; Customs statements, as important materials in import and export business, need to quickly identify the text and enter it
into the system to improve business efficiency. Customs statement images usually have characteristics of blurred and sticky
handwriting, too small font size and noise pollution, which increase the difficulty of statement text recognition. In this paper, we
propose a customs statement recognition method based on the attention mechanism for the problem of low accuracy of customs
statement image recognition. Attention mechanisms are introduced in DBNet model to enhance the small character text detection
ability and make the network pay more attention to the character—related regions. The deformable convolution module is introduced
in the visual model to expand the perceptual field, and the visual features and semantic features are enhanced to achieve multimodal
fusion through the gating mechanism to improve the recognition accuracy of low—quality characters. The experimental results prove
that this paper leads other methods in the detection and recognition accuracy of low—quality images in customs statements.
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Fig. 1 Customs statement examples
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Fig. 2 Customs statement detection and recognition process chart
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Fig. 3 Customs statements in DBNet detection result image
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Fig. 4 Structure diagram of DBNet based on attention mechanism
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Fig. 5 Squeeze—and—Excitation structure diagram
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Fig. 7 Text recognition network structure diagram
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Table 1 Text detection experiment results
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Table 2 Background loss weight comparison experiment
FLE  Precision/ %  Recall/ % F1/ % FPS
0.100 89.6 76.4 82.3 30.5
0.010 90.6 76.8 83.9 28.2
0.001 89.7 74.8 81.2 30.8

(a) DBNet

(b) DBNet + SE
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Comparison of the text detection effect of each model
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Table 3 Comparison experiment results of mainstream text
detection models

iRy Precision/ % Recall/ % F1/ % Year
TextSnake 84.9 80.4 82.6 2018
DBNet 88.1 76.2 81.8 2019
PAN 86.3 81.9 82.9 2019
FAST-T!! 86.0 71.9 81.6 2021
DBNet++2 90.1 77.2 83.1 2022
AR 90.6 76.8 83.9
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Table 5 Experiment results of comparing models of different fusion methods

3 PR T IR A
AR LR

o e RH I A 4
IT SVT IC13 IC15, SVTP CUTE
SRN 9.8 91.5 95.5 82.7 79.5 84.7
PIMNet 95.8 90.7 93.5 80.6 85.7 86.5
VisionLAN 95.8 91.7 95.7 83.7 86.0 88.5
AR A AY 95.9 93.4 98.1 85.6 90.5 89.2
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Table 6 Comparison experiment results of mainstream text recognition models
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T SVT  IC13¢  IC13, IC15, IC15, SVTP  CUTE
SEED 2020 93.8 89.6 92.8 80.0 81.4 83.6 53.3
MaskOCR 2022 95.8 94.7 98.0 87.3 89.9 89.1
TrOCR 2022 90.1 91.0 97.3 96.3 81.1 75.0 90.4 86.8 22.9
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customs statement dataset
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Fig. 10 Effect of each model in the recognition of customs reports
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