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Irregular scene text detection based on feature filtering and
adaptive fusion mechanisms
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Abstract; Text in natural-scene images often present characteristics of complex backgrounds, varied shapes,
multiple orientations and changing illumination. In order to improve detection performance for scene text,
particularly irregular text, we propose the feature guided adaptive network ( FGANet), an irregular-scene text
detection network based on feature filtering and adaptive fusion mechanisms. In specific, FGANet designs a module
that utilizes dilated convolution to enlarge the receptive and enhance the network’s feature representation capability.
Its adaptive feature fusion module integrates deep semantic information with shallow detailed information, enabling
stronger text-awareness. Experiments results show that for scene text detection, FGANet achieves notable
improvements in F-score over comparative methods on four benchmark datasets; ICDAR2015, CTW1500, MSRA-
TD500, and TotalText, with gains of 2.4% , 1.3% , 1.8% , and 1.4% , respectively.

Keywords: scene text images; scene text detection; feature filtering mechanism; adaptive feature fusion

mechanism; text perception ability
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Fig.2 Neural network architecture of FAM mechanism
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Tab.1 Comparison of different methods on ICDAR2015 %

ik P R F
EAST 83.6 73.5 78.2
SegLink 73.1 76.8 75
PixelLink 82.9 81.7 82.3
TextSnake 84.9 80.4 82.6
PANNet 84.0 81.9 82.9
FGANet 90.6 80.6 85.3
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&2 KFIEFE MSRA-TD500 HiiEEE LRI L4 R
Tab.2  Comparison of different methods on MSRA-TD500 %

ik P R F

EAST 87.3 67.4 76.1
SegLink 86.0 70.0 77.0
PixelLink 83.0 73.2 77.8
TextSnake 83.2 73.9 78.3
PANNet 84.4 83.8 84.5
FGANet 90.8 81.3 85.8
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Tab.3  Comparison of different methods on CTW1500 %
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PixelLink 82.9 81.7 82.3
TextSnake 67.9 85.3 75.6
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DB 80.2 86.9 83.4
FGANet 88.2 82.9 85.5
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Tab.4 Comparison of different methods on TotalText %

VRS P R F

EAST 50.0 36.2 42.0
SegLink 30.3 23.8 26.7
PixelLink — — —

TextSnake 82.7 74.5 78.4
PANNet 89.3 81.0 85.0
DB 82.5 87.1 84.7
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Tab.5 Ablation studies of different modules %

ICDAR2015 CTW1500

BackBone FAM AMF

P R F P R F

ResNet 82.9 77.8 80.3 84.6 77.7 81.0
ResNet VvV 84.8 78.4 81.5 85.4 78.5 81.8
ResNet V' 85.9 77.4 81.4 85.2 79.4 82.2

ResNet V.V 8.0 78.3 82.9 85.7 80.5 83.0
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