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Natural Scene Text Detection Based on Local and Global Dual-feature Fusion

LI Yunhong, YAN Junhong, HU Lei

(School of Computer Information Engineering, Jiangxi Normal University, Nanchang 330022, China)

Abstract: The shape, direction and category of text in natural scenes are varied, and scene text detection
is still a challenge. In order to better separate text from non-text and accurately locate the text area in
natural scene image, this paper proposes a text detection network that fuses local and global features. Multi-
scale global feature fusion is realized through jump connection, and the constant residual block is improved
to realize local fine-grained feature fusion, thereby reducing the loss of feature information and enhancing
the strength of feature extraction in text regions. The combination of polygon offset text field and text edge
information is used to local text region accurately. In order to evaluate the effectiveness of the method in
this paper, multiple sets of comparative experiments are conducted on the existing classic data sets
ICDAR2015 and CTW1500. The experimental results show that the method has better performance in text
detection in complex scenes.

Key words: text detection; jump connection; fine-grained feature fusion; global feature fusion; polygon
offset text field
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Fig.1 LAGNet network model
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Table 1 Down-top network parameters
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1X1,512
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Soft dice it K AR 2 Z) N EMG h HA B/ zs [l s i 22z 2] o AR SO R iR 20 (3) ik 28/ 3
PR3 AR, (1) T SCA 1 FHES 2R L5 (2) 25 L2 T IE D 8% SCAR IR0 2% Ly (3R R PR L, 46 i B SCA
I TR AN R AR A AU R A Ay Ay AT 3 A6 R 15 1A AR B
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B ARG I P R, W20 T U ARG R A 1417 O LR A VA SeglLink® 731 76.8 75.0
b B A KRR 2 R R A o 7R T S B EAST™ 83.2 78.3 0.7
LAGNet-MGFF W5 0L F , AR SCHEMEREA PixelLink" 82.9 81.7 82.3
Frd Tt W iz 0y SO RS B T A e A KR TextSnake™" 84.9 80.4 82.6
B SUfE B AL T R 1 SCARRRAE , X R SO 1 PSENet " 81.5 79.7 80.6
o DU i 45 THAR 22, i B0 4R T K SCAR BT o A7) LAGNetFLFF 81.2 80.3 80.7
AHXT 8 R, R iz 18— S B R A AR 0 5 2L S LAGNetMGFF 82.5 78.3 80.3
AR R T T, SR R R L LAGNet 84.2 815 828

W P AS BB g AT A O DLJE L AR S0 ik
ICDAR2015 %4 4 b HERf %35 ) T 84.2% . 5 CTPN PSENet () £ L84 1 1 37 4 48 45 (02 A 1L
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Fig.10 Some experimental results of ICDAR2015
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GESANTE 3 PR LA PR R A P 11 T PSENet™ 80.6 756 780
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Fig.11 Some experimental results of CTW 1500
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