E13% F12H 2 B8 it E M5 M A
Vol.13 No.12

2023 &£ 12 A

Intelligent Computer and Applications Dec. 2023

XEHS: 2095-2163(2023) 12-0032-06 HESES: TP311.5

R R B SRR T AHARE R 5

Bk, B2, Bt R, RER
(REXE HENMSESHASLE, LiF 201620)

SERAR SRS A

i F. AR AR TR 22 o AT O] B BRI S IR MG TS S AR R AR SCRER I DGR R LAl
RSB AFRIMER AR A9 A1, 2 1 T Enhanced-DBNet SCAAS I AL 3 i i ABINet SCA PR BIBIAY  H T DBNet 584
AT ET ML, SIA N SIE S (DON) 3 RS2 Y, $ i R SCAR TR BE J1 3 R F XU i) FRA1E 46 7 5 3 S BBk (FPEM) |
i 00 285 HAT S SR IR AE RE T 5 5 1 ARRAE Rl 5 BBk (FRM) K T8 8 )2 Ui SCRFE RIMIR 2 U A B RHE ST 20 Rl BEXDIR AL 5 4
HELX 73 B ADEE, 72 ABINet FER b o | AR AR 3 A {0 T 4R AR AR 7 A5 A O DR, iR B B 22 B9 AT AR AIE . X LS
SRR, AR SO I A 6 SR AR AR R 747 L BRI AR B 2 D0 T 2 A AR R

KRR SRR AT DBNet; ABINet

Research on character recognition model of low quality customs statements
WAN Yan,FAN Yihuan, YAO Li, ZHU Yanjin

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

Abstract; The image quality of customs report documents is poor, and the characters are often characterized by blur, missing
strokes, adhesion of strokes, and noise pollution. This paper proposes the Enhanced—DBNet text detection model and improves the
ABINet text recognition model to solve the problem of low accuracy of low — quality character recognition in customs report
documents. This paper redesigns the backbone network based on the DBNet model, introduces the deformable convolution module
(DCN) to expand the receptive field and improves long text recognition capabilities, and uses the bidirectional feature pyramid
enhancement module (FPEM) to make the network stronger representation capabilities and introduce feature fusion. The module
(FFM) fully integrates high—1level semantic features and low —level positional features of the image. To solve the problem of
difficulty in distinguishing characters with similar shapes, a deformable attention module is introduced in the ABINet model to focus
attention on character—related areas and capture more character features. Through comparative experiments, the model in this article
has better detection and recognition accuracy on low—quality characters in customs reports than other current models.
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Fig. 5 Deformable attention module structure
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Table 1 Text detection experiment result table
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Fig. 6 Diagram of the detection results of each model on the customs report documents
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Table 2 Text recognition experiment result table
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Fig. 7 Comparison chart of recognition results
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